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Abstract
Incorporating Place and Space: a Hierarchical Spatial Approach to Exploring Preventable
Congestive Heart Failure Hospitalizations in New York City
By
Rachael Weiss Riley

Advisor: Luisa N. Borrell

Background: Faced with rising medical care costs, increasing prevalence, and widening health
disparities, preventing congestive heart failure (CHF) hospitalizations is a central public health
concern. Despite evidence of geographical clustering in preventable CHF admissions, there is a
lack of research designed to examine spatial patterning of CHF and the local area neighborhood
determinants that contribute to this variability. This study sought to assess and evaluate the
importance of both space and place in analyzing preventable CHF hospitalizations and
readmissions by applying appropriate statistical techniques, clarifying the assumption inherent in
each method, and interpreting the findings within the context of existing research. The specific
objectives of the study are to:


Aim 1: Quantify the degree and visualize local patterns of spatial autocorrelation or
clustering in preventable CHF hospitalization and readmission rates across the study area.



Aim 2: Assess the association of neighborhood-level demographic and socioeconomic
compositional measures with preventable CHF hospitalizations and readmissions using a
spatial autoregressive error model to control for residual autocorrelation.
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Aim 3: Examine the effect of neighborhood sociodemographic composition on
preventable CHF hospitalization and readmission using a Bayesian multilevel modeling
approach to account for the correlation of outcomes within and between neighborhoods.

Methods: Using 2007 inpatient discharge data from New York Statewide Planning and Research
Cooperative System (SPARCS), inpatient records were geocoded to the 2010 Census at the block
group level using the residential address of the patient. Operationalization of preventable CHF
hospitalizations was based upon a measure developed by the Agency for Healthcare Research
and Quality (AHRQ). CHF unique and readmission hospitalization rates among adults were
calculated and examined for spatial autocorrelation (Aim 1). Both ordinary least squares (OLS)
and simultaneous autoregressive (SAR) error models were fit to determine the effect of
sociodemographic area measures on CHF rates with and without accounting for spatial clustering
(Aim 2). Bayesian multilevel modeling was employed to assess the relationship between
neighborhood sociodemographic composition, patient-level characteristics, and preventable CHF
hospitalization types while accounting for the correlation of outcomes within- and betweenneighborhoods (Aim 3).
Results: Significant clustering was detected in CHF admissions indicating the presence of spatial
dependence among observations. Large pockets of locally correlated high rates or hot spots were
identified in areas in the south and central Bronx, northern Manhattan, and central Brooklyn.
Older age composition, as well as a greater proportion of non-Hispanic (NH) black or Hispanic
residents, households in poverty, and adults without a high school degree were all significant
predictors of CHF hospitalization risk in regression models. However, the inclusion of a spatially
lagged error term improved model fit, reduced spatial autocorrelation in residuals, and altered the
strength of relationships between CHF rates and area-level factors. Similarly, hierarchical
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logistic model results indicate that residence in communities with a high proportion of NH black
or Hispanic residents, households in poverty, and residents without a high school degree
increased the odds of a unique CHF admission. For readmissions, significant area-based
predictors included living in high poverty communities as well as in heavily Hispanic or NH
black areas. Despite these significant associations, between-group variability in CHF
hospitalizations was not meaningfully explained by the neighborhood measures included in the
models.
Discussion: Considered collectively, the findings from each aim make clear that both space and
place play important and independent roles in shaping preventable CHF hospitalizations across
New York City (NYC). Past research is limited and statistical approaches have failed to account
for multiple levels of influence and spatial dependence in assessing neighborhood effects of CHF
admissions. These shortcomings may have unintentionally resulted in overemphasizing the
predictive powers of neighborhood socioeconomic measures, such as poverty or income, to
account for variation in preventable CHF admissions and readmissions. Furthermore, stratifying
analyses by CHF admission type is necessary for evaluating differences in neighborhood
variability, identifying area-based determinants, and ultimately, in targeting community
approaches to prevent CHF hospitalizations and readmissions.
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Chapter 1. Introduction and background
Background

Congestive heart failure
CHF, a chronic medical condition in which the heart is unable to deliver an adequate
supply of oxygen-rich blood to the body; one of many diseases involving the heart and blood
vessels classified generally as cardiovascular disease (CVD).(1, 2) Compromised pumping action
can cause blood to back up into the rest of the body, increasing blood vessel pressure, resulting
in edema in the lungs, liver, gastrointestinal tract, and extremities.(1) CHF can affect the rightside, left-side, or both sides of the heart, and is commonly classified as either systolic or diastolic
heart failure.(3, 4)
Diagnosing systolic and diastolic congestive heart failure requires a clinical evaluation to
assess left ventricular ejection fraction (EF) after confirming the presence of heart failure via a
complete clinical history and comprehensive physical examination.(4-6) EF is a clinical
measurement, typically made using echocardiography (ECG), which determines stroke volume
or the amount of blood that is ejected at the end of the ventricular relaxation stage (diastole).(7,
8) A decreased EF (typically below fifty percent) indicates systolic heart failure, whereas a
normal EF of fifty percent or greater is referred to as heart failure with preserved systolic
function, or diastolic heart failure.(4) Although diastolic heart failure can occur alone, diastolic
dysfunction usually accompanies overt systolic heart failure thus characterizing the presence of
combined systolic and diastolic heart failure.(4, 5)
Despite some evidence of secular trends of improved survival after a diagnosis of heart
failure,(9-11) CHF prognosis remains generally poor and related to left ventricular
1

dysfunction.(3, 12) Mortality within four to five years of a CHF diagnosis ranges from 50-59%
among men and 34-46% among women,(10, 12-15) but increases to approximately 90% at 10
years.(10, 16, 17) In an effort to better predict mortality from CHF, several risk prognosis
models have been developed that include factors such as age, severity of heart failure (e.g. EF
and diastolic dysfunction), and coexisting comorbid conditions (e.g., hypertension, depression,
dementia, mobility disability, poor renal function, history of gout, and sleep apnea).(3, 18-20)
A true understanding of the public health burden of CHF remains elusive due to the
absence of standardized and consistent diagnostic criteria. Before the advent of the Framingham
Heart Study (FHS) diagnostic criteria, data on the incidence and prevalence of CHF was limited
to small-scale physician surveys and hospital data; and therefore non-existent for the general
population.(12, 19, 21) Since then, several systems of diagnostic criteria have been developed,
including the Boston, Gothenburg, and European Society of Cardiology criteria, which combine
a patient’s medical history with a physical examination and chest X-ray.(3) Recent populationbased studies have relied on the diagnostic judgment of expert panels and now often include
ECG results.(19) Although prevalence and incidence estimates vary according to the specific
diagnostic methodology employed, it is clear that CHF has reached epidemic proportions in the
United States.(22)
According to a 2016 report from the American Heart Association using 2009-2012
National Health and Nutrition Examination Survey (NHANES) data, heart failure affects
approximately 5.7 million adults in the United States, corresponding to a rate of approximately
19 per 1,000 population.(22, 23) This figure reflects a prevalence increase of nearly 2.5 times
that of the 1983 FHS estimate of 2.3 million U.S. adults (rate of 11.8 per 1,000 population).(12)
Increasing CHF prevalence appears to be a result of both rising incidence among older adults and
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improved survival in the general population, although the relative contribution of each secular
trend remains contested.(3, 12, 19, 23, 24) While the incidence of CHF in the younger adult
population has remained comparatively stable over time at roughly 2-4 cases per 1,000
population annually,(3, 11, 22, 23, 25) three population-based studies have demonstrated a
marked increase in the number of new cases of CHF among older adults.(9, 14, 15) After 65
years of age, the incidence of CHF approaches 10 per 1,000 population, and rates demonstrate a
significant positive linear trend with advancing age.(22, 23) Racial and ethnic disparities in CHF
incidence are also prevalent, with blacks at the highest risk of developing heart failure (4.6 per
1,000 population), followed by Hispanics (3.5 per 1,000 population), whites (2.4 per 1,000
population), and Asians (1.0 per 1,000 population).(26) However, these risk profiles are largely a
reflection of the prevalence differences in known risk factors. It appears that increases in the total
burden of CHF largely reflect the growing incidence in older adults. Given the unprecedented
aging of the U.S. population, the prevalence of CHF will continue to grow, incurring substantial
costs to society.

Preventable hospitalizations for congestive heart failure
CHF is the leading cause of hospitalization among adults age 65 and over, and
hospitalization rates have tripled over the past two decades.(3) CHF is also a cause of frequent
hospital readmission.(20, 23, 27) Although some CHF hospitalizations may be necessary, it is
believed that improved patient treatment compliance and behavioral changes to reduce risk
factors would lower the likelihood of hospitalization.(28) The AHRQ created a set of measures
known as the Prevention Quality Indicators (PQI), which can be calculated using hospital
administrative data and the International Classification of Diseases (ICD) coding system, to
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quantify potentially preventable hospitalizations.(28, 29) There is evidence that certain types of
hospitalizations, namely admissions for ambulatory care sensitive conditions (ACSC) which
include CHF, could have been prevented through better primary and preventive care in the
community.(28, 30, 31, 31-33) In several studies, logistic regression was employed to assess the
likelihood of experiencing a preventable hospitalization for a composite of different ACSC
(including CHF) among different population groups. The results indicate that middle-aged black
adults, as well as black and Hispanic seniors have a significantly greater probability of being
hospitalized for a preventable condition than their white counterparts. Although the results were
attenuated after adjusting for various predisposing, enabling, and need characteristics,
racial/ethnic disparities persisted.(34, 35) In a national sample of Medicare beneficiaries, patients
hospitalized for a preventable condition were significantly more likely to be older, live in a rural
county, have a lower educational attainment, report an overall health poor health status, or have
been diagnosed with diabetes, coronary heart disease, or myocardial infarction than those not
hospitalized or hospitalized for a non-preventable condition.(35) Interestingly, a study using a
nationally representative sample from the National Hospital Ambulatory Medical Care Survey
evaluated emergency department visits for ACSC and determined that black and Hispanic
patients had significantly lower adjusted odds (26%) of receiving follow-up care with the
referring physician than white patients.(32) These findings suggest that barriers to outpatient
medical care may contribute to racial and ethnic disparities in preventable hospitalizations.
The designation of CHF as an ACSC has been endorsed by working groups and expert
panels,(33, 36) thus adding validity to its use as an outcome measure for preventable
hospitalizations. PQIs are valuable screening tools and several studies have examined
racial/ethnic variation in preventable hospitalization rates specifically for CHF. One study using

4

hospital discharge data in California determined that preventable hospitalization rates for CHF
increased significantly from 1991 through 1998 across all racial/ethnic groups. However, black
men and women were more likely to be hospitalized for CHF than their white, Hispanic, and
Asian counterparts (rate ratios ranged from 4.1-7.2 for men and 5.1-8.2 for women, p<0.0001),
and these inequities have widened over time.(37) Similar results were found using 1997
Nationwide Impatient Sample data from the Health Care Cost and Utilization Project for
discharges in 14 states.(38) Stratifying by age group and sex, the authors found that black and
Hispanic adults in each stratum experienced significantly more preventable hospitalizations for
CHF than their corresponding white group (rates ranged from 1.3-3.4 times higher).
In addition, controlling for the respective prevalence of CHF for each of the demographic
groups did not remove racial/ethnic inequities in preventable hospitalization rates. In a study
limited to older adults in Maryland, black seniors were 1.6 times more likely to be hospitalized
for CHF than white seniors and the significant differences were not fully accounted for by age,
race, gender, or income.(39) Black adults are hospitalized for preventable CHF at a younger
mean age than white adults and although differences were attenuated by individual
characteristics (i.e., gender, marital status, hospital region, and expected payment source),
disparities in age of hospitalization remained significant.(40) Taken together, these findings
suggest that black and Hispanic adults of all ages are disproportionately burdened by preventable
hospitalizations for CHF, and disparities are not simply an artifact of differences in disease
prevalence or individual-level characteristics.
A common methodological limitation relating to the use of hospital administrative data is
that the unit of analysis is usually a discharge and not an individual.(38) Without a measure of
the frequency of readmission, hospital discharges do not provide insight into individual
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outcomes after a diagnosis of CHF.(3) In other words, the implications derived from the total
number of CHF hospitalizations may be different from those developed using the number of
hospitalizations experienced by individual patients living with CHF. According to studies among
Medicare beneficiaries, within six months of the index admission for CHF, approximately 1925% of patients are readmitted in 30-days and 44-50% within 6-months;(20, 41-44) many of
these admissions are deemed preventable.(45) Readmission for CHF is a common phenomenon
and there appear to be disparities in readmissions by race/ethnicity(18, 22, 46-48) and sex,(20)
which warrants further investigation into how readmissions may bias estimates of preventable
hospitalizations for CHF.
Hospital admissions are a significant driver of direct medical costs; heart failure is
estimated to cost the U.S. $35 billion annually.(3, 22, 49) CHF is the most common PQI with a
2006 hospital admission rate of 4.66 per 1,000 adults and accounts for $8.4 billion or half of the
total hospital costs for all preventable hospitalizations.(28, 50) Even more alarming, projections
indicate a 127% increase in the total cost of CHF by 2030, resulting in a figure of approximately
$70 billion.(51) Given that CHF hospitalizations have such significant economic implications,
investigating how best to prevent hospitalizations and readmissions should be a public health
priority.

Neighborhood sociodemographic determinants of congestive heart failure
Primary prevention of CVD, and thus CHF, has been mostly limited to the detection and
treatment of individual risk factors, many of which are specific risk factors for CHF. These
include smoking, hypertension, diabetes, hypercholesterolemia, overweight or obesity, limited
physical activity, and poor diet.(52, 53) However, the risk factor approach focuses on changing
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individual behavior without taking into account the broader environmental context which may
hinder successful modification of CVD risk factors.(54-57) The weakness of this strategy is
illustrated by the relatively modest success of interventions designed to reduce CVD risk through
the adoption of healthy lifestyle and behavioral changes.(53-55, 58) In addition, reducing CVD
risk through behavioral (e.g., dietary changes) and biological (e.g., pharmacotherapy) treatments
are resource intensive and often focus only on high-risk patients, thereby permitting new
individuals to continually enter the at-risk population and missing the opportunity for primary
prevention.(53-55, 58, 59) For these reasons, there is continued interest to identify populationlevel strategies, which aim to modify neighborhood or broader environmental attributes that may
support and sustain individual behavioral change, thereby reducing the overall burden of
CVD.(54, 56, 59)
The majority of studies evaluating the impact of the neighborhood environment on CVD
and its associated risk factors have focused on area-level socioeconomic summary or composite
measures, such as neighborhood disadvantage or deprivation.(55, 60-71) The findings indicate
that areas of low socioeconomic status (SES) have a lower probability of positive behavior
change,(64) higher levels of inflammatory markers,(65, 66) greater presence of CVD risk
factors,(54, 62, 70) higher prevalence of subclinical CVD,(61, 69) and greater rates of CVD
mortality,(63, 67) as compared to high SES areas. These associations remain significant even
after controlling for individual-level sociodemographic characteristics, suggesting that
neighborhood SES may have an independent effect on CVD risk.
Relatively fewer studies have assessed the relationship between neighborhood attributes
and preventable hospitalizations for ACSC.(72-75) A review of the U.S. literature identified four
studies investigating socioeconomic and demographic area effects on hospitalizations for a
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composite of preventable conditions,(72-75) and only two studies evaluating preventable
hospitalizations specifically for CHF.(76, 77) Among the ACSC composite studies, the results
indicate that low income areas (defined using percentage of households with income below a
certain threshold) are significantly more likely to experience higher rates of hospital admissions
for preventable conditions than higher income areas.(72-75) Although neighborhood income was
the strongest predictor, results indicated a significant positive relationship between areas with a
higher proportion of black(72, 74) or Hispanic(74) residents and ACSC admissions, and a
negative association for the proportion of non-white residents.(75) All studies were regional in
scope using hospital discharge data from state databases in New York,(74) California,(72) North
Carolina,(75) and various U.S. cities.(73) Although most hospitalization rates were age- and sexadjusted, these studies did not control for additional individual-level characteristics, a common
limitation when relying on discharge data.
Similarly, median household income predicted preventable hospitalizations specifically
for CHF in NYC in analyses using SPARCS data from 1988 and 1995-2004.(76, 77) Although
CHF hospitalization rates were 4.6 times greater in low-income zip codes as compared to higher
income communities, the analysis did not adjust for any individual socioeconomic
characteristics. Additionally, the percentage of black residents was also associated with CHF
admissions, although over half of the variation in hospitalization rates across zip codes was
explained by area income.(76) A study using a nationally representative sample from the
National Hospital Discharge Survey data found that the number of primary care physicians per
10,000 population, median household income, and proportion of Medicare beneficiaries
significantly predicted regional variation in CHF hospitalizations. Analyses were stratified by
age group and estimates adjusted for patient sex, race/ethnicity, and payer type.(77) Interestingly,
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area-based measures of SES appear to have a greater effect on hospitalization rates for middleaged adults as compared to those aged 65 and older.(73, 75-77) Medicare availability for older
adults may, in part, explain this finding, suggesting that insurance status mediates the
relationship between area SES and CHF hospitalization.
Research investigating the impact of neighborhood attributes on preventable
hospitalizations for CHF is limited. These studies are beset by methodological flaws including
restricting area-level variables to a few socioeconomic or demographic indicators and not
accounting for hospital readmissions.(72-77) The selection of geographically large units of
analysis is common; area-level measures were calculated using individual data aggregated to
large spatial units including U.S. Census regions,(77) Census metropolitan areas,(73) zip code
clusters,(75) and zip codes,(34, 72, 74, 76) which are heterogeneous in context and composition.
The use of such large geographic units of analysis will mask or average any differences in
neighborhood variability, thus underestimating the true measure of association. Another
challenge in selecting an appropriate geographic scale is ensuring that the underlying process or
measure of interest is operating at that level. The potential incongruity between what data are
available to researchers and the scale at which the process is occurring can lead to differences in
observed associations.(78-80) Lastly, the potential for residual confounding cannot be ruled out
when studies fail to control, or control insufficiently, for individual characteristics. Given the
lack of investigation into these relationships and the methodological shortcomings of past
studies, the current study seeks to fill a gap in the literature by assessing the relationship between
neighborhood sociodemographic composition and preventable CHF hospitalizations with a focus
on advancing methodology.
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Methodological considerations and significance

Neighborhoods are not islands: incorporating place and space into statistical approaches
In addition to the numerous methodological issues outlined in the previous section, the
statistical approaches of past research on CHF have neglected to take into account the
hierarchical structure of data sources as well as the potential for spatial clustering of outcomes.
To the author’s knowledge, there are no studies that have used multilevel and/or spatial models
to assess the relationship between the neighborhood environment and preventable
hospitalizations for CHF. The importance of including both place and space in modeling areaeffects is discussed in the following paragraphs.
Moving away from traditional risk factor analysis at the individual level, neighborhood
effects are concerned with understanding how social and environmental contexts or “place”
influence individual behavior and health.(81) The clustering of health outcomes is considered
evidence of a contextual phenomenon and not simply a statistical nuisance to be controlled for in
analysis.(82) The availability of structurally nested data (i.e., residents in neighborhoods) and the
insight that causal processes are naturally hierarchical, and may operate simultaneously at
multiple levels, has driven advances in modeling techniques.(83)
Previous methods were generally limited to investigations at a single level which required
either aggregating individual characteristics to the group (ecological analysis) or conversely
disaggregating group level data to the individual.(84) Although ecological analysis has its merits
when macro-level processes are of interest, within-group variation is lost; thus all inferences
must refer to the group level or risk bias known as the ecological fallacy. Another inference
problem occurs when the results from an individual level analysis are interpreted for higher
levels (i.e., atomistic fallacy). Statistically speaking, disaggregating group characteristics to
10

individuals ignores the fact that values will be correlated within groups, which violates the
assumption of independence of observations.(85) In other words, un-modeled contextual
information is allocated to a single individual error term, and members of the same group will
have correlated errors, a serious violation of OLS regression.(81) For both conceptual and
statistical reasons, appropriately specified multilevel models are a significant improvement over
single level analyses in the study of place-based effects. Over the past few decades, multilevel
modeling has become the de facto statistical method used by researchers to understand how
multiple levels interact and operate in order to shape public health.(83)
Although hierarchical models take into consideration homogeneity of within-group units,
the potential for dependence among neighborhoods due to spatial clustering or “space” remains
unaccounted for.(86) According to Tobler’s first law of geography, there is a tendency for
spatially proximate observations to be more alike to one another (i.e., have similar attributes)
than more distant observations.(87) Clustering or spatial autocorrelation can result from
characteristics (known or unknown) that are shared by neighboring areas which makes them
different from more distal areas (endogenous or correlated effects), spatially patterned interaction
among proximal areas (exogenous effects), or from a combination of both processes.(88, 89) The
former spatial effect refers to the reactive process of spatial heterogeneity whereas the latter
effect describes the interactive process of spatial dependence.
Spatial heterogeneity is a global spatial process by which the phenomena or relationships
under investigation vary depending on the location of the observations.(88) It is the contextual
variation of areas over space, rather than spatial interaction, that generate spatial
heteroskedasticity.(90) The inherent heterogeneity between delineated areas (e.g.,
neighborhoods) leads to non-stationarity expressed as differences in the means, variance, or
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covariance structures of variables.(88, 91) In theory, this process could be modeled with the
inclusion of covariates to control for spatial differences, hierarchical modeling being one method
used to account for spatial heterogeneity, yet in practice, unknown or unmeasured variables are
common.(91) Spatial stationarity is a basic assumption underlying spatial dependence testing and
modeling so any residual spatial heterogeneity or confounding is problematic and warrants
attention.(90, 92) On the other hand, spatial dependence refers to the existence of a functional
relationship between locations in space. That is, clusters result from local influences due to some
type of spatial interaction; outcomes can be reinforced, exacerbated, moderated, or counteracted
by the attributes of proximate neighborhoods.(90, 93) Conceptually these are distinct processes,
yet the presence of either type indicates dependence among observational units and requires the
use of specialized analytical techniques that explicitly account for space.(86, 94)
Space and place are distinct, yet interrelated concepts that when investigated jointly
permit a richer understanding of the mechanisms driving geographic variation in health. Placebased effects have typically referred to contextual factors that reflect the environment in which
people live and interact as well as how the effects influence health and health-related
behavior.(95, 96) Place encompasses local area attributes, such as the built, social, economic,
and service environment, that interact with individuals and populations to produce and maintain
health variations.(95) The notion of space refers to the interconnectedness of places that can
operate at different scales (from local to global) to shape the spatial patterning of health and
disease.(97) It is the relationship between, or dependence among places that encompass spatial
determinants with a focus on elucidating how they influence the distribution and diffusion of
health.(96) However, merging these concepts together by locating place within space is an
improvement upon investigating them in isolation.

12

Overview of dissertation

Goals and specific aims
The high burden and cost of CHF, coupled with the existence and potential widening of
disparities makes the reduction of CHF hospitalizations a public health priority. Although some
individual risk factors have been identified in the literature, preventive interventions focused on
treating individuals in isolation have met limited success. The presence of geographical
variability in CHF hospitalization rates suggests that the neighborhood environment, above and
beyond the composition of individual residents, may play an important role. Despite evolving
literature on environmental attributes contributing to various chronic diseases, neighborhood
determinants of CHF remain understudied and thus poorly identified. More research is needed to
investigate the contextual causes contributing to CHF risk, which in turn, would support the
development of area-based public health interventions. This deficit is partially derived from
methodological limitations in study design and analytical approaches inherent in measuring and
modeling neighborhood effects. Careful consideration of these concerns justifies the need for
more sophisticated techniques that integrate and estimate contextual features of the
neighborhood environment as well as geographic variation over space. This study is designed to
bridge a gap in the existing literature on CHF as well as to improve upon existing methodologies
used to assess area-based effects. The specific objectives of the study are to:

Aim 1: Quantify the degree and visualize local patterns of spatial autocorrelation or clustering in
preventable CHF hospitalization and readmission rates across the study area.
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Aim 2: Assess the association of neighborhood-level demographic and socioeconomic
compositional measures with preventable CHF hospitalizations and readmissions using a spatial
autoregressive error model to control for residual autocorrelation.

Aim 3: Examine the effect of neighborhood sociodemographic composition on preventable CHF
hospitalization and readmissions using a Bayesian multilevel modeling approach to account for
the correlation of outcomes within and between neighborhoods.

Organization of the dissertation
The remaining sections of this introductory chapter present the methods of the
dissertation, followed by disclosure of conflicts of interest and ethical considerations. Chapter 2
focuses on the importance of space by assessing spatial autocorrelation in preventable CHF
unique admissions and readmissions (Aim 1). Additionally, Chapter 2 evaluates the relationship
between individual- and neighborhood-level measures and CHF admissions while accounting for
residual clustering (Aim 2). Chapter 3 emphasizes the significance of place by examining the
effect of both patient- and area-level characteristics on CHF hospitalization and readmissions
(Aim 3). Lastly, Chapter 4 begins with a summary of findings from Aims 1-3 and concludes with
a discussion of study limitations, strengths and policy implications, and directions for future
research.
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Methodology

Data sources and study population
Data for the project were obtained from SPARCS, a comprehensive patient reporting
system, which currently collects information on patient characteristics, diagnoses and treatments,
services, and charges for every hospital discharge, ambulatory surgery patient, and emergency
department admission in New York State. NYC SPARCS inpatient hospitalization data from
2007 was geocoded using patient address to the 2010 Census at the block group level to serve as
a proxy for residential neighborhood. The study population included 23,130 adults aged 25 years
or older with a preventable CHF hospitalization (71% unique admissions, 29% readmissions)
and 305,420 controls (76% unique admissions, 24% readmissions) residing in 6,179 NYC block
groups. Mean CHF cases per block group was 2.64 (range: 0 to 57) for unique admissions and
1.09 (range: 0 to 27) for readmissions.

Outcomes and measures
Preventable CHF hospitalizations:
Operationalization of preventable CHF hospitalizations was based upon the PQI measure
developed by the AHRQ.(28, 29) All CHF discharges in 2007 among adults aged 25 and older
residing in NYC were selected using the International Classification of Diseases Ninth Revision
(ICD-9) codes for CHF as the principal diagnosis (see Appendix 1, Figure A1.1). A dichotomous
variable (i.e., CHF) was created to characterize the outcome; individuals with a preventable CHF
hospitalization were coded as ‘1’ and all adults aged 25 and older, residing in NYC and without a
primary diagnosis of CVD (including CHF) were coded as ‘0’ to serve as the comparison group.
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CHF readmissions for the same individual were flagged using the unique patient identifier for
analysis as a secondary outcome.

Individual-level covariate measures:
Individual patient characteristics were recorded in SPARCS for each
observation/discharge and for this analysis included age group (i.e., 25-44, 45-64, and 65 years
and older), sex (i.e., female and male), racial/ethnic group (i.e., Hispanic/Latino, non-Hispanic
(NH) black, NH white, NH Asian, and NH other race), and payer type (i.e., none/self-pay,
Medicare, Medicaid, private insurance, and other).

Neighborhood sociodemographic exposure measures:
Demographic information was obtained from the 2010 U.S. Census Summary File 1 (full
sample) and socioeconomic data from the 2010 American Community Survey (ACS) 5-year
estimate for 2006-2010 (sample estimates). Measures included racial/ethnic characteristics (i.e.,
proportion of NH black residents and proportion of Hispanic residents), poverty level (i.e.,
proportion living below the federal poverty line), and educational attainment (i.e., proportion of
the population without a high school degree). Each covariate represented the proportion of
individuals age 25 years and older with the given characteristic within each block group, ranging
from 0 to 100. For analysis, each Census block group was classified into tertiles (i.e., high,
medium, and low) based upon the ranking for each measure. The sociodemographic
characteristics were designed to function as proxies for neighborhood composition.
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Statistical analysis
Descriptive statistics were calculated to describe the study population with regards to the
prevalence of preventable CHF hospitalizations and readmissions, neighborhood
sociodemographic compositional measures, and individual-level covariates. Further data analysis
included logistic regression and generalized estimating equations (GEE) for bivariate analysis
followed by OLS, SAR spatial error, and Bayesian hierarchical logistic modeling for multivariate
analysis.

Analysis for AIM 1:
Bivariate analysis using logistic regression was used to evaluate associations between
preventable CHF hospitalizations and readmissions with each of the a) individual (age, sex,
payer type) and b) neighborhood (poverty, educational attainment, and racial/ethnic
characteristics) measures independently and without taking into account clustering effects. GEE
then tested these same associations while accounting for correlations by block group level. To
test for spatial autocorrelation in CHF hospitalization rates over the whole study area (global
clustering), Moran’s I was calculated using GeoDa. As a type of Pearson correlation coefficient,
Moran’s I calculates the degree of linear association between a given variable (z) at a specific
geography and the weighted average of that variable at proximal locations (Wz).(88) The values
for Moran’s I range between approximately -1 and 1; a value of ‘0’ indicates no spatial
autocorrelation, ‘-1’ negative dispersion, and ‘1’ positive clustering.(98) Given the presence of
significant global clustering, local spatial autocorrelation was explored to determine which block
groups were spatially autocorrelated with neighboring units. Local indicators of spatial
autocorrelation (LISA) decompose global measures by calculating a Moran’s I and its associated
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significance level for each neighborhood (i.e., block group) in an effort to identity spatial
patterns including cluster hot spots, cold spots, and outliers.(88, 99) The results from Moran’s I
and LISA were mapped to characterize the degree of spatial autocorrelation across the study
area.

Analysis for AIM 2:
Multivariable linear regression models were fit to test the relationship between
preventable CHF hospitalization and readmission rates and neighborhood sociodemographic
compositional measures. The results from OLS regression were compared to those from a SAR
spatial error model which included a spatially lagged error term to account for spatial
autocorrelation in the residuals. The spatial error model is data-driven and takes a different
approach to spatial modeling by treating spatial dependence as a statistical nuisance.(100) In this
case, spatial dependence may arise due to spatially correlated, omitted, or poorly measured
explanatory variables, inappropriate geographical scale, or other methodological problems that
cause spatial interaction in the residuals.(88, 100, 101) The goal is then to control for the spatial
effect by carrying out the regression on “spatially filtered” variables thus obtaining unbiased
parameter estimates.(100) The spatial error model is specified as follows:
y = Xβ + u, u = λWu + ε

Where λ is a spatial autoregressive parameter and u is vector of errors that consists of an
independent and identically distributed spatially uncorrelated component (ε) and a spatial
component (λWu).(88, 92, 102)
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Analysis for AIM 3:
A Bayesian hierarchical logistic model was specified to determine the effect of
neighborhood sociodemographic composition on preventable CHF hospitalizations and
readmissions in WinBUGS using a step-wise approach. The models were estimated with Markov
Chain Monte Carlo (MCMC) simulation. An empty model was fit first (Model 1), followed by
the addition of level-1 covariates (Model 2) and then level-2 exposures (Model 3). The
dichotomous dependent variable has binomial probability distribution, so a logit link function
was used to transform pij:
logit(pij) = β0 + Xijβ + uj
Where pij is the probability of individual i in neighborhood j having a preventable hospitalization
for CHF. Xij is the vector of explanatory variables at level-2 and confounders/covariates at level1, and uj is the normally distributed random intercept of variance 𝜎𝑢2 . Model 3 tested the
association between preventable CHF hospitalizations and neighborhood-level poverty,
educational attainment, and racial/ethnic composition controlling for a) individual-level
characteristics and b) the correlation of CHF hospitalizations within and between neighborhoods.
In addition to the standard ORs, 80% interval odds ratios (IOR-80%) which take into account
unexplained between-group variability, were calculated for each of the neighborhood measures.
To quantify the variance components in the models, intraclass correlations (ICC) or ,
proportional changes in variance (PCV), and median odds ratios (MOR) were calculated.
Variance components from different models were compared to determine the fraction of
explainable variation that was accounted for by adding additional covariates to the model. Lastly,
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the Deviance Information Criterion (DIC) tested for model fit. A secondary analysis followed
using an identical approach with CHF readmissions as the outcome of interest.

All analyses were employed using SAS version 9.3, Geoda version 1.6.2, R version 3.1.1, and
ArcMap version 10.2.2.
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Chapter 2. Incorporating space: accounting for spatial autocorrelation in the
association between preventable congestive heart failure hospitalizations and
neighborhood measures in New York City
Abstract

Background: Congestive heart failure (CHF) is the most common preventable hospitalization in
the U.S. yet, there is a dearth of research aimed at understanding how neighborhood attributes
and spatial relationships among places impact hospitalization rates. This paper assessed the
degree of spatial autocorrelation in CHF hospitalization rates and accounted for clustering to
accurately describe associations with neighborhood compositional measures in NYC.
Methods: Using 2007 inpatient discharge data from New York Statewide Planning and Research
Cooperative System (SPARCS), CHF unique and readmission hospitalization rates among adults
were calculated at the U.S. Census block group level and examined for spatial autocorrelation.
Both ordinary least squares (OLS) and simultaneous autoregressive (SAR) error models were fit
to determine the effect of sociodemographic area measures on CHF rates with and without
accounting for spatial clustering.
Results: Older age composition as well as a greater proportion of non-Hispanic black or
Hispanic residents, households in poverty, and adults without a high school degree were all
significant predictors of higher CHF hospitalization rates. However, the inclusion of a spatially
lagged error term improved model fit, reduced spatial autocorrelation in residuals, and altered the
strength of relationships between CHF rates and area-level factors.
Discussion: Our findings indicate that CHF discharge rates are impacted by neighborhood
compositional measures indicating the importance of population-level approaches to prevention.
Furthermore, spatial autocorrelation should be accounted for in regression models to reduce bias
in associations between area effects and health.
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Introduction

CHF affects approximately 5.1 million adults in the United States and rates have tripled
over the past two decades.(103) As the leading cause of hospitalization among adults age 65 and
over, CHF is estimated to cost the U.S. $35 billion annually.(3, 22, 49) CHF is the most common
preventable hospitalization, according to the Agency for Healthcare Research and Quality
(AHRQ) Prevention Quality Indicators (PQI), and accounts for half of the total hospital costs for
all preventable admissions.(28, 29) Furthermore, a vast body of evidence suggests that improved
primary and secondary prevention would lower the likelihood of hospitalization for CHF.(28, 3033) With such substantial health and economic implications, investigating how best to prevent
CHF hospitalizations and readmissions should be a top public health priority. Additionally,
interventions designed to reduce cardiovascular disease risk (including CHF) through the
adoption of healthy lifestyle modifications has met relatively modest success.(53-55, 58)Thus,
there is continued interest to identify population-level strategies which aim to transform
neighborhood or broader environmental attributes that may shape, support, and sustain individual
behavioral change to reduce the overall burden of CHF.(54, 56, 59)
In order to understand how neighborhoods impact the health of residents, research
investigating the effect of area-based measures on population health has grown. In these studies,
“place” is used to describe local attributes (e.g., resident composition, physical/built
environment, etc.) of a particular area. However, neighborhoods are not islands and spatial
relationships between what occurs in a place and the features and outcomes in nearby locations
or “space” may bias these associations, a realization that has driven research to incorporate both
types of effects. Despite this awareness, there is a lack of research exploring the impact of place
and space on preventable hospitalizations for ambulatory care sensitive conditions (ACSC),
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which include CHF.(72-75) To the author’s knowledge, only four studies have investigated
socioeconomic and demographic area effects on hospitalizations for a composite of preventable
conditions,(72-75) and only two studies evaluated preventable hospitalizations specifically for
CHF.(76, 77) Among the ACSC composite studies, the results indicate that low income areas
(defined using percentage of households with income below a certain threshold) are significantly
more likely to experience higher rates of hospital admissions for preventable conditions than
higher income areas.(72-75) In addition to neighborhood income, the results indicated significant
positive relationships between areas with a higher proportion of black(72, 74) or Hispanic(74)
residents and ACSC admissions, and a negative association for the proportion of white
residents.(75) All studies were regional in scope using hospital discharge data from state
databases in New York,(74) California,(72) North Carolina,(75) and various U.S. cities.(73)
Similarly, median household income predicted preventable hospitalizations specifically
for CHF in NYC in analyses using New York SPARCS data from 1988 and 1995-2004.(76, 77)
Results indicated that CHF hospitalization rates were 4.6 times greater in low-income zip codes
as compared to higher income communities. Additionally, the percentage of black residents was
also associated with increased CHF admissions.(76) A study using a nationally representative
sample from the National Hospital Discharge Survey found that the number of primary care
physicians per 10,000 population, median household income, and proportion of Medicare
payment were significant predictors of regional variation in CHF hospitalizations in the U.S..(77)
Past research on CHF has attempted to evaluate the impact of place, but statistical models
have largely ignored space or the potential for dependence among neighborhoods due to spatial
processes. (72-75, 86) Clustering or spatial autocorrelation can result from characteristics
(known or unknown) that are shared by neighboring areas which makes them different from
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more distal areas and/or from spatially patterned interaction among proximal areas.(88, 89) The
presence of either type of spatial process indicates dependence among observational units and
requires the use of specialized analytical techniques that explicitly account for “space”.(86, 94)
Statistical methods that assume independent observations will be biased and unreliable when
data exhibit a spatial structure. If CHF does indeed reveal spatial clustering, it is unclear whether
the findings from previous studies will hold once residual autocorrelation is accounted for during
analysis. Thus, this study assessed the degree and patterning of spatial autocorrelation in CHF
hospitalization rates, and accounted for these spatial effects to accurately describe the association
between CHF admission rates and neighborhood sociodemographic compositional measures in
NYC.

Methods

Study data
This ecological study used 2007 SPARCS hospitalization data, which provides routinely
collected and detailed records of every hospital discharge occurring in New York State
(approximately 2.6 million inpatient discharges, representing 100% complete reporting).(104)
Inpatient records were geocoded to the 2010 Census at the block group level using the residential
address of the patient to serve as a proxy for residential neighborhood. Block groups are Censusdefined areas generally representing between 300 and 4,000 residents. Operationalization of
preventable CHF hospitalizations was based upon the PQI measure developed by the AHRQ.(28,
29) All CHF discharges in 2007 among adults aged 25 and older residing in NYC were selected
using the International Classification of Diseases Ninth Revision (ICD-9) codes for CHF as the
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principal diagnosis (see Appendix 1, Figure A1.1). CHF readmissions for the same individual
were flagged using a unique patient identifier. The study population included 23,058 adults aged
25 years or older with a preventable CHF hospitalization (71% unique admissions and 29%
readmissions) residing in 6,179 NYC block groups. Geocoding match rates were 95% for unique
admissions (n=16,303) and 96% for readmissions (n=6,755). Mean number of CHF
hospitalizations per block group was 2.64 (range: 0 to 57) for unique admissions and 1.09 (range:
0 to 27) for readmissions.
Neighborhood demographic information was obtained from the 2010 U.S. Census
Summary File 1 (full sample) and sociodemographic data were acquired from the 2010
American Community Survey (ACS) 5-year estimate for 2006-2010 (sample estimates).
Demographic measures included sex (i.e., proportion female and male) and age distribution (i.e.,
proportion 25-44, 45-64, and 65 years and older), and racial/ethnic characteristics (i.e.,
proportion of non-Hispanic black residents and proportion of Hispanic residents).
Socioeconomic indicators were poverty level (i.e., proportion of households living below the
federal poverty level (FPL)) and educational attainment (i.e., proportion of adults over 25
without a high school degree). To address data quality issues inherent in ACS small area
estimates,(105) low population block groups (less than 100 total population or less than 50
sampled individuals or households) were excluded from analysis (n=108). Census block groups
were also classified into tertiles (i.e., high, medium, and low) based upon the ranking for each of
the neighborhood sociodemographic measures for descriptive analysis. Further details about the
exclusion process and sample size as well as a table comparing geocoded and unmatched cases
are included in the Appendix (Figure A1.1 and Table A2.1).

25

Statistical analysis
CHF unique admission and readmission rates were calculated using the number of CHF
admissions per 1,000 population in each block group. To better approximate a normal
distribution, rates were log-transformed (ln) for inclusion in regression models. Mean unique
admission and readmission rates were calculated for each tertile of the sociodemographic
neighborhood covariates. Spearman rank correlation coefficients were used to evaluate
associations between preventable CHF hospitalization rates (unique admissions and
readmissions) with each of the neighborhood covariate measures (age and sex distribution,
poverty, educational attainment, and racial/ethnic characteristics). To test for spatial
autocorrelation in CHF hospitalization rates over the whole study area (global clustering),
Moran’s I was calculated for both unique admissions and readmissions, along with
corresponding z-scores and p-values to evaluate the significance of the Index. Local indicators of
spatial autocorrelation (LISA) were also explored to determine which block group rates were
spatially autocorrelated with rates from neighboring units. Results from the LISA analysis were
mapped to characterize the pattern of spatial autocorrelation across the study area by providing a
visual illustration of hot spots (high rates surrounded by correlated high values) and cold spots
(low rates surrounded by correlated low values). A fixed distance spatial weights matrix of
approximately 1.1 miles (5,913 feet) was selected to represent spatial relations between block
groups.
Finally, multivariable linear regression models were fit to test the association between
CHF admission and readmission rates with neighborhood sociodemographic compositional
measures. The results from OLS regression were compared to those from a SAR error model
which included a spatially lagged error term to account for spatial autocorrelation in the
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residuals. The SAR error model is denoted by ln(y) = Xβ + ε, with ε = λW ε + u, where y
represents CHF rates, W is the spatial weights matrix, X is the matrix of values for the
neighborhood covariates, ε is a vector of spatially autocorrelated error terms, and u a vector of
i.i.d. errors. Beta parameters (β) measure associations and the lambda parameter (λ) estimates
spatial correlation. LISA statistics were performed on the residuals and positive/negative residual
clusters were mapped to identify changes in local patterns of heteroscedasticity between models.
Kernel density and normal probability plots assess the assumption of normality (see Appendix
3). Results are summarized using both the parameter estimates (β), and the transformed values
(exp(β*10)) which indicate the predicted multiplicative increase in CHF rates associated with a
10 percentage point increase in the sociodemographic measures. All analyses were employed
using SAS version 9.3, Geoda version 1.6.2, and ArcMap version 10.2.2.

Results

Mean CHF unique admission and readmission rates per 1,000 population were stratified
by neighborhood compositional measures in Table 2.1. CHF rates demonstrated a positive
relationship with each measure; mean rates increased as the proportion of non-Hispanic black
residents, Hispanic residents, households below the FPL, and residents without a high school
degree increased.
Bivariate Spearman rank correlations (Table 2.2) established statistically significant
associations between each of the neighborhood measures and CHF hospitalization rates.
Specifically, unique CHF admission rates were positively correlated to age composition,
proportion female, percentage non-Hispanic black and Hispanic, proportion of households below
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the FPL, and percentage with less than a high school education. Almost identical relationships
were found for CHF readmission rates. However, weak correlations were detectable given the
large sample size even though the magnitude of association was relatively small.
Results indicated significant spatial dependence in CHF rates with Moran’s I Index
values of 0.07 (z-score=37.32, p-value=0.001) for unique admissions and 0.05 (z-score=24.45, pvalue=0.001) for readmissions. Local clustering patterns of CHF rates were examined using
LISA and the results were mapped to display significant clusters. Figure 2.1 (unique admissions)
and Figure 2.2 (readmissions) provide a visual illustration of CHF hot and cold spots. Clusters
appeared similar for both CHF unique admissions and readmissions with large hot spots in the
south and central Bronx, northern Manhattan, and central Brooklyn. Smaller pockets of hot spots
appear in Queens, southern Brooklyn, and Staten Island. Conversely, southern and central
Manhattan and the majority of Queens exhibited cold spots with smaller clusters in Staten Island
and Brooklyn for both unique admissions and readmissions. Although most clusters were
identical for both admission types, there were a few hot spot areas that were observed for only
unique admissions or readmissions. Significant spatial dependence in CHF rates was uncovered
in southern Brooklyn (Brighton Beach/Coney Island area) and Eastern Queens/Jamaica for
unique admissions and western Brooklyn (Cobble Hill/Boerum Hill sections) for readmissions.
The age distribution and socioeconomic composition of these neighborhoods is different, and
more localized investigation is needed to understand what is driving these spatial patterns. These
findings suggest the existence of significant global and local spatial autocorrelation among CHF
unique admission and readmission rates that should be accounted for in statistical analyses.
To assess the relationship between unique CHF admission rates and neighborhood
compositional measures both with and without accounting for spatial autocorrelation, several
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multivariable linear regression models were fitted (Table 2.3). The OLS model for unique
admissions revealed that age composition, proportions non-Hispanic black and Hispanic,
percentage of households in poverty, and percentage without a high school education were all
significant predictors of unique CHF admissions, whereas sex was insignificant. Age had the
highest magnitude of effect; compared to the proportion of adults age 65 and over, unique CHF
admission rates decreased significantly as the proportion of adults aged 25-44 (β=-0.0345,
p<0.0001) and 45-64 (β=-0.0396, p<0.0001) increased. This implies CHF rates decreased 29%
for every 10 percentage point increase in the number of adults aged 25-44 and 33% for each 10
percentage point increase in adults aged 45-64. Household poverty status (β=0.0075, p<0.0001)
and percentage non-Hispanic black (β=0.0054, p<0.0001) revealed the largest positive
coefficients in the model; for every 10 percentage point increase in their corresponding
proportions, unique CHF admission rates increased 8% and 6%. Lastly, rates increased 2% for
each 10 percentage point increase in the proportion Hispanic and residents without a high school
education.
The addition of a spatially lagged error term in the SAR error model increased standard
errors and modified the strength of the regression coefficients. The effect of younger age was
strengthened; a 10 percentage point increase in adults aged 25-44 (β=-0.0368, p<0.0001) and 4564 (β=-0.0399, p<0.0001) led to 31% and 33% decrease in CHF rates, respectively, over that
observed in adults aged 65 and over. Interestingly, the effects of proportion non-Hispanic black
(β=0.0064, p<0.0001) and Hispanic (β=0.0035, p<0.0001) were also amplified leading to a 7%
and 4% increase in rates with each 10 percentage point increase in their corresponding
categories, respectively. The measures of association for households in poverty (β=-0.0052,
p<0.0001) and proportion with less than a high school education (β=-0.0015, p<0.0001) were
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attenuated. Lastly, the coefficient for the spatial error term (λ) was also significant indicating the
presence of spatial autocorrelation in the residuals.
Table 2.4 provides the model results for CHF readmission rates. As compared to unique
admissions, the relative strength of the neighborhood covariates in predicting readmissions was
weaker. Age remained the strongest (negative) effect; a 10 percentage point increase in adults
aged 25-44 (β=-0.0134, p<0.0001) and 45-64 (β=-0.0196, p<0.0001) led to a 13% and 16%
decrease in CHF readmissions, correspondingly. Proportion of households in poverty (β=0.0037,
p<0.0001) had the next strongest effect (4% increase for each 10 percentage point rise), followed
by percentage non-Hispanic black (β=0.0028, p<0.0001) and Hispanic (β=0.0019, p<0.0001) at
3% and 2%, respectively. Sex and proportion without a high school education were insignificant.
The findings from the SAR error model were very similar to the OLS model for CHF
readmissions with the exception that proportion with less than a high school education was now
moderately significant (β=0.0012, p=0.0493), showing a 1% rate increase for a 10 percentage
point rise. As expected, the coefficient (λ) for the spatially lagged error term was significant,
indicating spatial dependence in the residuals.
Although the inclusion of the SAR error term did not significantly alter the findings or
interpretation of the relationship between neighborhood composition and CHF hospitalization
rates, goodness of fit tests (i.e., log likelihood and Akaike information criterion) indicated the
advantage of the SAR error model over the OLS model for both unique admissions and
readmissions. In addition, the LISA cluster maps of the model residuals (Figure 2.3 and 2.4)
revealed reductions in both the number and geographic range of statistically significant positive
and negative residual clusters in the SAR error model as compared to the OLS model. This
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demonstrates a noteworthy improvement in model specification for both CHF unique admissions
and readmissions when spatial autocorrelation was directly accounted for in regression models.

Discussion

Results from Moran’s I and LISA statistics showed significant positive spatial
autocorrelation in CHF rates indicating the presence of spatial dependence among observations
in our data, a feature typically not accounted for in previous analyses.(72-75) Mapped results
from the LISA clusters visually confirmed this finding with large pockets of locally correlated
high CHF rates in some parts of NYC, especially areas in the south and central Bronx, northern
Manhattan, and central Brooklyn. The presence of significant clustering in CHF rates
necessitates the use of appropriate statistical techniques that inherently take spatial dependence
into account. By controlling for space in our analysis, potential bias in the estimation of effects
has been removed.
In our model not accounting for space, our results were similar to other studies;(72-75)
CHF unique admission and readmission rates tended to be positively correlated with several
socioeconomic and demographic neighborhood attributes including percentage non-Hispanic
black and Hispanic, proportion of households below the FLP, and residents without a high school
degree. In multivariable OLS models controlling for age and sex, household poverty status had
the greatest magnitude of effect. This finding was directly in accordance with other analyses of
CHF and composite ACSC admissions which have determined neighborhood income to be an
influential, if not the strongest, neighborhood determinant.(72-75) As expected from prior
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research,(72, 74) CHF rates, both unique admissions and readmissions, increased by 2-6% as the
proportion of non-Hispanic black and Hispanic residents rise.
SAR error models accounted for spatial clustering by including a spatially lagged error
term which, as expected, slightly increased the standard errors for the regression coefficients. In
addition, the relationship between CHF rates and proportion of non-Hispanic blacks and
Hispanics intensified but the effect of household poverty and educational attainment was
attenuated. The fact that household poverty no longer has the highest magnitude of effect for
CHF admissions in both SAR error models suggests that previous research may have
overestimated the impact of neighborhood income on preventable hospitalizations in general, and
CHF specifically. It is likely that unknown and/or unmeasured neighborhood attributes,
operating at the local level, are generating geographic clusters of CHF admission rates and
biasing coefficients obtained in models (albeit not drastically in this case) not accounting for
dependence among observations. However, the improvement in model specification as evident
from LISA maps of residuals suggests that accounting for space remains important. Past
literature on CHF has not assessed spatial autocorrelation in model residuals, thus potential bias
in effect estimation cannot be ruled out.
Past research has found that area-based measures of SES appear to have a greater effect
on hospitalization rates for middle-aged adults as compared to those aged 65 and older.(73, 7577) Medicare availability for older adults may, in part, explain this finding, suggesting that
insurance status mediates the relationship between area SES and CHF hospitalization. Although
age distribution was significantly related to CHF rates, these analyses were not stratified by age
group, which is an important step for future work. Interestingly, neighborhood measures were
more strongly associated with unique CHF admissions as compared to readmissions suggesting
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the importance of linking multiple records for the same individual to distinguish between
admission types.(3) Readmission for CHF are common,(20, 41-44) and disparities exist by
race/ethnicity(18, 22, 46-48) and sex,(20) which warrants further investigation into how the
inclusion of readmissions may have biased estimates of preventable hospitalizations for CHF in
past research.
It is important to underscore the limitations of this study. First, given that the study
design was ecological, the unit of analysis was the neighborhood and inference cannot be made
at the individual-level. Additionally, distinguishing between context and composition, and the
potential endogeneity of neighborhood characteristics, is one of the most challenging aspects of
modeling neighborhood effects.(106-109) As a result of residential segregation or social
stratification, population groups may be sorted or selected into specific neighborhoods based
upon their individual characteristics.(106, 109-112) This study does not account for individuallevel characteristics, so the potential for residential confounding cannot be ruled out. However,
careful interpretation of the results as ecological will avoid that concern and the inclusion of
neighborhood-level segregation indices is a potential area of future research.
Second, area-based sociodemographic compositional measures represented neighborhood
context in this study. The vast majority of measures used in neighborhood effect research rely on
these types of attributes because they are readily accessible on a variety of geographical scales
thanks to Census data and other administrative databases. However, these measures serve as
proxies for more specific features of the neighborhood environment that are unmeasurable,
unknown, or more difficult to obtain. Therefore, identifying the underlying mechanisms that are
driving associations between area SES and preventable hospitalizations for CHF is of great
importance, but beyond the scope of this study.

33

Lastly, there are a few methodological concerns including possible selection bias due to
records that were unable to be geocoded and the use of ACS data for small area studies. We
observed a few significant differences in demographic characteristics between geocoded and
unmatched cases (see Appendix 2, Table A2.1). As compared to successfully geocoded CHF
cases, unmatched individuals were more likely to be younger than 65 years of age, male, and be
uninsured or have Medicaid, all characteristics associated with CHF risk. The absence of these
highly mobile individuals is likely to have biased our results towards the null by underestimating
the measure of effect and warrants future study. The 2010 change from the U.S. Census long
form to the ACS also has an impact on estimates of socioeconomic effects. The ACS samples
particular areas of the country on a rotating basis rather than as a single, nationwide sample,
often to the detriment of local estimate precision.(105) Despite these limitations, the ACS is now
the primary source of socioeconomic information for fine resolution geographies (e.g., block
groups) even though estimates for some areas include large margins of error. In this analysis, low
population block groups (less than 100 total people) as well as those with fewer than 50 sampled
households were excluded from analysis in an attempt to minimize impact of high-variability
ACS estimates. However, further research investigating the best way to adjust for ACS estimate
precision in small area analyses is necessary.
The importance of accounting for spatial autocorrelation when evaluating the association
between neighborhood attributes and CHF admissions should not be underestimated. Future
research that takes into account both individual- and neighborhood-level characteristics while
controlling for spatial dependence are needed to disentangle measures of effect at multiple levels
of exposure to prevent CHF hospitalizations. Continuing to stratify analyses by admission type
(unique versus readmission) as well as by age group (under 65 years of age versus 65 years and
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older) will ensure a deeper understanding of how to best identify and target population-level
strategies to reduce rates and avoid preventable hospitalizations for CHF.
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Table 2.1: Mean CHF unique admission and readmission rates per 1,000 population stratified by
Census block group sociodemographic characteristics, New York City, 2007
n
% NH Black
Low (0-19%)
Medium (20-39%)
High (40% or more)
% Hispanic
Low (0-19%)
Medium (20-39%)
High (40% or more)
% of HH in Poverty
Low (0-19%)
Medium (20-39%)
High (40% or more)
% with <HS Education
Low (0-19%)
Medium (20-39%)
High (40% or more)

Unique Admissions

Readmissions

Mean

St. Dev

Min

Max

Mean

St. Dev

Min

Max

3,981
729
1,469

1.68
2.48
2.58

1.95
2.74
2.57

0
0
0

27.90
27.48
31.69

0.59
1.30
1.16

1.30
2.19
1.95

0
0
0

20.68
17.39
20.88

3,364
1,170
1,645

1.86
2.11
2.17

2.12
2.62
2.22

0
0
0

27.90
31.69
25.00

0.64
0.89
1.08

1.33
1.81
1.96

0
0
0

15.63
20.88
20.68

3,857
1,659
663

1.70
2.23
3.07

2.00
2.19
3.20

0
0
0

31.69
25.00
27.90

0.61
0.94
1.63

1.37
1.67
2.40

0
0
0

20.68
17.77
20.88

3,345
1,994
840

1.73
2.17
2.59

1.94
2.34
2.95

0
0
0

31.69
27.90
27.57

0.60
0.95
1.29

1.32
1.69
2.30

0
0
0

20.68
14.08
20.88

NH, Non-Hispanic; HH, households; HS, high school
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Table 2.2: Spearman rank correlations between CHF unique admission and readmission rates
per 1,000 population and Census block group sociodemographic characteristics, New York City,
2007

CHF Admission Rates
Unique Admissions
Readmissions
Age Distribution
% 25-44
% 45-64
% 65 and over
Sex Distribution
% Female
% Male
% NH Black
% Hispanic
% of HH in Poverty
% with <HS Education

Unique Admissions

Readmissions

n

Mean

St.
Dev

6,179
6,179

1.99
0.81

2.26
1.63

0.00
0.00

31.69
20.88

---

---

---

---

6,179
6,179
6,179

45.94
36.34
17.72

10.88
6.37
8.11

0.94
3.39
0.00

92.94
80.30
94.40

-0.2222
0.0551
0.2429

<.0001
<.0001
<.0001

-0.1072
0.0122
0.1145

<.0001
0.3373
<.0001

6,179
6,179
6,179
6,179
6,179
6,179

52.56
47.44
23.03
27.46
18.39
21.18

3.58 19.43 72.45
3.58 27.55 80.57
28.94 0.00 95.09
23.87 0.18 96.83
15.05 0.00 84.75
15.45 0.00 90.64

0.2032
-0.2032
0.2099
0.0734
0.2030
0.1759

<.0001
<.0001
<.0001
<.0001
<.0001
<.0001

0.1535
-0.1535
0.2001
0.1190
0.2120
0.1841

<.0001
<.0001
<.0001
<.0001
<.0001
<.0001

Min

Max

Spearman
Coeff.

Pr >|r|

Spearman
Coeff.

Pr >|r|

NH, Non-Hispanic; HH, households; HS, high school
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Figure 2.1: Local indicators of spatial autocorrelation (LISA) hot and cold spot clusters of 2007
CHF unique admission rates in New York City by Census block group
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Figure 2.2: Local indicators of spatial autocorrelation (LISA) hot and cold spot clusters of 2007
CHF readmission rates in New York City by Census block group

39

Table 2.3: OLS and SAR error models for CHF unique admissions (ln)rates, New York City,
2007
OLS Regression
Unique Admissions

Coef.
(β)
3.2132

Intercept
Age Distribution
% 25-44
-0.0345
% 45-64
-0.0396
% 65 and over*
Sex Distribution
% Female
-0.0008
% Male*
% NH Black
0.0054
% Hispanic
0.0023
% of HH in Poverty
0.0075
% with < HS Education
0.0020
Lambda (λ)
-n
R-squared
Log likelihood
Akaike info criterion

Exp
(β*10)
--

Std.
Error
0.2018

0.71
0.67

--

SAR Error Model

<.0001

Coef.
(β)
3.3990

Exp
(β*10)
--

Std.
Error
0.2076

0.0011
0.0018

<.0001
<.0001

-0.0368
-0.0399

0.69
0.67

0.0012
0.0019

<.0001
<.0001

0.0027

0.7766

-0.0022

--

0.0028

0.4362

0.0003
0.0005
0.0007
0.0007
-6179
0.2283
-5612.1
11240.2

<.0001
<.0001
<.0001
0.0065
--

0.0064
0.0035
0.0052
0.0015
0.6572

1.07
1.04
1.05
1.02

0.0005
0.0006
0.0007
0.0008
0.0378
6179
0.2632†
-5495.0
11059.8

<.0001
<.0001
<.0001
0.0483
<.0001

1.06
1.02
1.08
1.02

Pr >|t|

*Referent Group; †Pseudo-R-squared (not directly comparable to OLS R-squared)
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Pr >|z|
<.0001

Table 2.4: OLS and SAR error models for CHF readmission (ln)rates, New York City, 2007
OLS Regression
Readmissions

Coef.
(β)
1.0562

Intercept
Age Distribution
% 25-44
-0.0134
% 45-64
-0.0196
% 65 and over*
Sex Distribution
% Female
0.0042
% Male*
% NH Black
0.0028
% Hispanic
0.0019
% of HH in Poverty
0.0037
% with < HS Education
0.0012
Lambda (λ)
-n
R-squared
Log likelihood
Akaike info criterion

Exp
(β*10)
--

Std.
Error
0.1657

0.87
0.82

--

SAR Error Model

<.0001

Coef.
(β)
0.2038

Exp
(β*10)
--

Std.
Error
0.1708

0.0009
0.0015

<.0001
<.0001

-0.0148
-0.0192

0.86
0.83

0.0010
0.0015

<.0001
<.0001

0.0022

0.0543

0.0024

--

0.0023

0.2891

0.0003
0.0004
0.0006
0.0006
-6179
0.0920
-4391.2
8798.4

<.0001
<.0001
<.0001
0.0532
--

0.0029
0.0023
0.0028
0.0012
0.4451

1.03
1.02
1.03
1.01

0.0004
0.0005
0.0006
0.0006
0.0527
6179
0.1029†
-4364.0
8744.1

<.0001
<.0001
<.0001
0.0493
<.0001

1.03
1.02
1.04
1.01

Pr >|t|

*Referent Group; †Pseudo-R-squared (not directly comparable to OLS R-squared)
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Pr >|z|
<.0001

Figure 2.3: Local indicators of spatial autocorrelation (LISA) positive and negative clusters of OLS and SAR error model residuals
for 2007 CHF unique admission rates in New York City by U.S. Census block group
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Figure 2.4: Local indicators of spatial autocorrelation (LISA) positive and negative clusters of OLS and SAR error model residuals
for 2007 CHF readmission rates in New York City by U.S. Census block group

43

Chapter 3. Incorporating place: Bayesian multilevel modeling of the
association between preventable congestive heart failure hospitalizations and
neighborhood measures in New York City
Abstract

Background: Congestive heart failure (CHF) is the most common preventable hospitalization in
the U.S. yet, there is a paucity of research investigating how neighborhood attributes influence
CHF admissions. This study examines the effect neighborhood sociodemographic composition
on preventable CHF hospitalization and readmission.
Methods: Using 2007 inpatient discharge data from New York Statewide Planning and Research
Cooperative System (SPARCS), CHF hospitalizations and corresponding controls were
geocoded to U.S. Census block groups. Bayesian multilevel modeling was employed to assess
relationships between area sociodemographic composition and preventable CHF hospitalization
types while accounting for the correlation of outcomes within and between-groups.
Results: For both unique hospitalizations and readmissions, patients in communities with a high
proportion of NH black or Hispanic residents, and households in poverty increased the odds of a
CHF admission. Despite these significant associations, between-group variability in CHF
hospitalizations was not meaningfully explained by the neighborhood measures included in the
model.
Discussion: Our findings provide further motivation for continued inquiry into neighborhood
attributes that can meaningfully explain variation in preventable CHF hospitalizations. Future
research should also distinguish between admission types to best identify community-level
strategies to avoid preventable hospitalizations, especially for CHF readmissions, which may
prove more amenable to place-based interventions.
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Introduction

According to a 2016 report from the American Heart Association, CHF affects
approximately 5.7 million adults in the United States, corresponding to a rate of approximately
19 per 1,000 population.(23, 113) CHF, estimated to cost the U.S. $35 billion annually,(3, 22,
49) is the leading cause of hospitalization among adults age 65 and over; rates have tripled over
the past two decades.(3) A preponderance of evidence suggests that improved primary and
secondary prevention would lower the likelihood of hospitalization for CHF.(28, 30-33) CHF is
the most common preventable hospitalization, according to the Agency for Healthcare Research
and Quality (AHRQ) Prevention Quality Indicators (PQI), accounting for half of the total
hospital costs for all preventable admissions.(28, 29) Given such significant health and economic
implications, investigating how best to prevent CHF hospitalizations and readmissions should be
a public health priority.
The vast majority of past research has focused generally on cardiovascular disease
(CVD), and thus, very little is known about the specific risk factors for CHF. However, as one of
the health outcomes included in the composite definition of CVD, many of the findings for CVD
are directly applicable to CHF.(114) Prevention of CVD has been mostly limited to the detection
and treatment of individual risk factors. These include smoking, hypertension, diabetes,
hypercholesterolemia, overweight or obesity, limited physical activity, and poor diet.(52, 53)
However, risk factor approaches focusing on changing individual behavior, without taking into
account the broader environmental context, may hinder successful modification of CVD risk
factors.(54-57) The examination of place-based effects has contributed to our understanding of
how these factors operate, interact, and are shaped by an individual’s residential environment.
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Therefore, the identification of neighborhood-level contextual determinants of CHF and CHF
hospitalizations is of significant public health importance: demonstrating the potential to confer
an impact at the population level to avoid treating individuals in isolation.(115)
Unfortunately, there is a paucity of research investigating the impact of neighborhood
attributes on preventable hospitalizations for CHF.(72-77) In addition, the few studies assessing
geographic variation of CHF and other preventable hospitalization rates have several
methodological flaws.(72-77) Most notably, statistical approaches fail to take into account the
hierarchical structure of data sources by either aggregating individual covariates to the group or
disaggregating group measures to members of the same group.(84) Each of these methods has
serious limitations; ecological analyses ignore within-group variability (85) whereas assigning
group characteristics to individuals and ignoring clustering violates the assumption of
independence of observations.(81, 85) Thus, appropriately specified multilevel models are a
significant improvement over single level analyses in the study of place-based effects and have
become the de facto statistical method to help elucidate how multiple level interact and operate
to shape public health.(81, 83) This study aims to examine the effect of neighborhood
sociodemographic composition on preventable CHF hospitalization and readmission rates using
a Bayesian multilevel modeling approach to account for the correlation of outcomes within and
between neighborhoods.

Methods

Study data
This study uses 2007 hospitalization data from SPARCS, which provides routinely
collected and detailed records of every hospital discharge occurring in New York (approximately
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2.6 million inpatient discharges, representing 100% complete reporting).(104) Inpatient records
were geocoded to the 2010 Census at the block group level using the residential address of the
patient, to serve as a proxy for residential neighborhood (geocoding match rate >93%).
Operationalization of preventable CHF hospitalizations is based upon the PQI measure
developed by the AHRQ.(28, 29) All CHF discharges in 2007 among adults aged 25 and older
residing in NYC were selected as cases using the International Classification of Diseases Ninth
Revision (ICD-9) codes for CHF as the principal diagnosis. Controls were obtained by excluding
all cases with a history of CVD, which included CHF, coronary heart disease, hypertension,
stroke, or other heart disease. Readmissions for the same individual were flagged using the
unique patient identifier.
In addition to admission type, patient-level characteristics were also included in models
as covariates. They included age group (i.e., 25-44, 45-64, and 65 years and older), sex (i.e.,
female and male), racial/ethnic group (i.e., Hispanic/Latino, non-Hispanic (NH) black, NH
white, NH Asian, and NH other race), and payer type (i.e., none/self-pay, Medicare, Medicaid,
Private insurance, and other. The study population includes 328,550 adults aged 25 years or
older; 23,130 cases with a preventable CHF hospitalization (71% unique admissions and 29%
readmissions) and 305,420 controls (76% unique admissions and 46% readmissions) residing in
6,179 NYC block groups. For cases, geocoding match rates were 95% for unique admissions
(n=16,352) and 96% for readmissions (n=6,778). Further details about the exclusion process and
sample size for cases and controls are included in Appendix 1, Figure A1.1.
Neighborhood demographic information was obtained from the 2010 U.S. Census
Summary File 1 (full sample) and socioeconomic data was acquired from the 2010 American
Community Survey (ACS) 5-year estimate for 2006-2010 (sample estimates). Demographic
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measures includes sex (i.e., proportion female and male) and age distribution (i.e., proportion 2544, 45-64, and 65 years and older), and racial/ethnic characteristics (i.e., proportion of nonHispanic (NH) black residents and proportion of Hispanic residents). Socioeconomic indicators
are poverty level (i.e., proportion of households living below the federal poverty line (FPL) and
educational attainment (i.e., proportion of the population without a high school degree). To
address data quality issues inherent in ACS small area estimates,(105) covariates for low
population block groups (less than 100 total population or less than 50 sampled individuals or
households) were defined as missing. Census block groups were also classified into high (40% or
higher), medium (20-39%), and low (0-19%) tertiles based upon the ranking for each of the
neighborhood sociodemographic measures for statistical analysis.

Statistical analysis
Stratifying by unique admissions and readmissions, descriptive statistics for both CHF
cases and controls were computed across all individual- and neighborhood-level measures and
global relationships were assessed using Pearson’s chi-square. Additionally, crude associations
were tested using logistic regression and generalized estimating equations (GEE) to account for
correlations at the Census block group level. Multilevel logistic models were fit to assess the
influence of patient characteristics and neighborhood attributes on the probability of having a
preventable hospitalization for CHF versus a control. Nested models included a null model
(Model 1), followed by a model with patient predictors (Model 2), and finally, one comprising
both individual- and block group-level factors (Model 3). All models were estimated with
Markov Chain Monte Carlo method using MCMCglmm in R.
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As compared to multilevel linear regression, the interpretation of the neighborhood level
odds ratios (OR) in multilevel logistic models presents different challenges.(116-118)
Specifically, individual fixed effects specify comparisons between persons belonging to the same
cluster, whereas neighborhood fixed effects identify the impact of a neighborhood factor
between block groups with identical random effects. Thus, the underlying probability of a
preventable CHF hospitalization would vary only with regards to the neighborhood measure
being evaluated. To better understand the association of block group predictors for
neighborhoods with different random effects, 80% interval odds ratios (IOR-80%), which take
into account unexplained between-group variability, were calculated for each of the
neighborhood measures as

IOR-80%lower = exp [𝛽 − 1.2816√2 × (𝜏 2 )] ≈ exp(β - 1.81τ)
IOR-80%upper = exp[𝛽 + 1.2816√2 × (𝜏 2 )] ≈ exp(β + 1.81τ),

where -1.2816 and +1.2816 are the 10th and 90th percentiles of a normal distribution with mean 0
and variance 1, β is the regression coefficient for the neighborhood variable, and τ2 is the
between neighborhood variance.(117, 118) The IOR-80% will be wide if the between-group
variation is large and narrow if the variation is small; an interval containing 1 signifies high
cluster variability as compared to the effect of the neighborhood-level variable.
In an effort to quantify the variance component in our models, intraclass correlation
coefficients (ICC) and median odds ratios (MOR) were calculated for each of the models. For
logistic models, the individual-level variance is expressed on the probability scale whereas the
neighborhood-level variance is on the logistic scale. This makes assessing the proportion of the
total variation attributable to the group-level difficult and necessitates an alternative approach.
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The ICC latent variable method converts the patient level variation to the logistic scale equal to
π2/3 or 3.29. Thus, the ICC is calculated as:

ICC =

𝜏2
𝜏2 +3.29

,

and is only a function of the group-level variance, τ2.(117, 119) However, given the conceptual
problems inherent with the ICC for multilevel logistic regression, the MOR is the median of the
set of ORs that is possible by comparing two identical patients in two randomly selected block
groups. It is obtained by
MOR = exp[√2 × 𝜏 2 × 0.6745] ≈ exp(0.95τ),

and thus represents the variation in the odds of a CHF hospitalization between neighborhoods
that is not explained by the model covariates.(118, 120) A higher MOR indicates greater
between-group variation and a MOR of 1 signifies no variability between neighborhoods.
Proportional changes in variance (PCV) were also calculated to define the proportion of the arealevel variance in Model 2 that is explained by the addition of neighborhood measures in Model
3.(82) All analyses were employed using SAS version 9.3 and R version 3.1.1.

Results

Table 3.1 provides descriptive statistics and reveals differences between CHF cases and
controls in both individual- and neighborhood-level characteristics. As compared to controls, a
greater proportion of individuals with a CHF admission were older than 65 years of age (71.07%
vs 3.67%), male (45.10% vs 32.72%), NH black (34.10% vs 26.16%), and paid using Medicare
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(70.57% vs 16.00%). In addition, cases were more likely to live in block groups with a high
percentage (40% or more) of NH black residents (31.63% vs 24.89 %), households living below
the FPL (17.46% vs 13.62%), and residents without high school degree (18.94% vs 16.91%).
Similar comparisons were found for CHF readmissions versus control case readmissions with a
few exceptions. A greater number of CHF readmission cases were female (50.49% vs 49.32%)
and Medicaid payers (67.16% vs 18.61%) as compared to controls.
To further test these associations, global chi-square tests and bivariate logistic and GEE
models were run comparing cases to controls for both unique admissions and readmissions
(Table 3.2). All global associations were significant (p<0.05) with the exception of sex for CHF
readmissions. For unique hospitalizations, GEE models accounting for any clustering at the
block group level revealed that cases were significantly less likely to be under 65 years of age
and female than controls. Compared to the referent group of NH whites, cases were significantly
more likely to be NH black (GEE OR = 1.09, p<0.0006) but less likely to be Hispanic (GEE OR
= 0.71, p<0.0001), NH Asian (GEE OR = 0.45, p<0.0001), or other race (GEE OR = 0.58,
p<0.0001) than those without a unique CHF hospitalization. Payer type was also significant, as
compared to having private insurance, the odds of paying via Medicare was 15.73 (p<0.0001)
times greater for cases than controls. Cases were also more likely to have Medicaid (GEE OR =
1.54, p<0.0001) or to self-pay (GEE OR = 1.24, p<0.0002). There were some slight differences
in individual-level GEE associations for CHF readmissions, namely sex was no longer
significant and the odds of paying via Medicare decreased to 10.78 (p<0.037) among cases
suggesting a slightly younger readmission population.
When assessing area-level measures, having a unique CHF hospitalization was
significantly associated with living in neighborhoods with a higher proportion of NH black
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residents, households below the FPL, and residents without a high school degree but proportion
of Hispanic residents was insignificant. Significant neighborhood measures demonstrated a doseresponse relationship. As compared to respective referent categories of low, cases were more
likely to live in areas with a medium or high proportion of NH black residents (GEE OR=1.42,
p<0.0001 and GEE OR=1.21, p<0.0001), medium or high proportion of households in poverty
(GEE OR=1.38, p<0.0001 and GEE OR=1.15, p<0.0001), and medium or high proportion of
individuals without a high school education (GEE OR=1.16, p<0.0001 and GEE OR=1.13,
p<0.0001). The same relationship was found among CHF readmissions and NH black
composition of the neighborhood but the dose-response was less pronounced for proportion
living under the FPL and without a high school degree. As expected, when relating the GEE
results to the logistic regressions, most individual-level measures of effect were attenuated in
magnitude after accounting for clustering but significance remained at the p<0.5 level. However,
for many of the neighborhood-level factors, associations that were significant in the logistic
models did not remain so in the GEE models. This highlights the importance of accounting for
clustering, especially when investigating the impact of area-level attributes.
Nested multilevel logistic models for unique CHF admissions are presented in Table 3.3.
The intercept only model (Model 1), detected an area-level contextual effect as demonstrated by
the MOR; if a patient was to move to a neighborhood with a higher probability of CHF, the
increase in their odds (in median) of a CHF hospitalization would be 1.80. The between-area
variance in CHF admissions (ICC) was 10%. As expected, the addition of the patient-level
characteristics in Model 2 decreased the cluster variability slightly for both measures (MOR =
1.53; ICC = 0.06) and explained 47.80% of the Model 1 area-level variance as expressed by the
PCV. Most of the individual covariates were significant; the odds of a unique CHF admission
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were significantly higher among adults 65 and older, males, and Hispanic and NH black patients
as compared to their NH white counterparts (but lower in Asians). The likelihood of CHF
hospitalization was also significantly greater for self-paying patients as well as for those with
Medicaid and Medicare as opposed to those with private insurance.
Model 3 includes both individual- and neighborhood-level covariates and demonstrated
similar values for the random effect measures to Model 2. Specifically, the median increase in
the likelihood of a CHF admission for a patient moving from an area of low CHF probability to
one with higher odds would be 1.48 and the between block group variance was 5% (ICC = 0.05).
Additionally, 14.97% of the Model 2 area-level variance was explained by the inclusion of
neighborhood measures as defined by the PCV. The relationship between CHF and individual
factors for age group, sex, and insurance type are directly comparable to those seen in Model 2.
The odds of a unique CHF admission for patients aged 25-44 and 45-64 were 0.02 (95%CI: 0.02,
0.02) and 0.22 (95%CI: 0.21, 0.24) times lower, respectively, than those over the age of 65. The
odds of a CHF admission were also significantly less for female patients (OR = 0.78, 95%CI:
0.75, 0.82) as compared to males. Self-paying patients (OR = 1.19, 95%CI: 1.06, 1.33), as well
as those with Medicare (OR = 3.11, 95%CI: 2.88, 3.37) and Medicaid (OR = 1.54, 95%CI: 1.42,
1.66) had significantly greater odds of a CHF hospitalization than those with private insurance.
The inclusion of area-level compositional measures attenuated the relationship between patient
race/ethnicity and CHF; the odds of a hospitalization for CHF were 1.74 (95%CI: 1.63, 1.86)
times greater for NH blacks and 0.76 (95%CI: 0.69, 0.83) times lower for NH Asians than their
NH white counterparts and the effect for Hispanic patients was no longer significant (OR = 1.05,
95%CI: 0.97, 1.13).
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Neighborhood fixed effects in Model 3 demonstrate that block group composition was
associated with the underlying probability of a preventable CHF hospitalization. However, it is
important to note that interpretation of area-level fixed effects in multilevel logistic models is
less informative than at the individual-level due to identical random effects. The odds of a CHF
admission for patients in areas with a high proportion of NH black residents were 1.32 (95%CI:
1.21, 1.44) times greater and those in bottom tertile block groups were 0.89 (95%CI: 0.81, 0.95)
times smaller as compared to patients in referent (medium tertile) neighborhoods. A similar
dose-response relationship was found for households in poverty; the odds of a CHF admission
was 1.17 (95%CI: 1.09, 1.28) times higher in high poverty areas and 0.96 (95%CI: 0.80, 0.91)
times lower in low poverty neighborhoods as compared the referent group. There was a
significant difference between low versus median tertile neighborhoods for educational
attainment (OR = 0.87, 95%CI: 0.83, 0.93) but not for areas with the highest fraction of residents
without a high school education. Lastly, the odds of CHF hospitalization among individuals in
areas with a high proportion of Hispanic individuals was 1.15 (95%CI: 1.07, 1.25) times higher
than those residing in medium tertile neighborhoods but no significant differences were found
between individuals living in low versus medium block groups. In an effort to better understand
the effect of area-level measures with varying random effects, IOR-80% were calculated. The
range for each of the measures was fairly narrow suggesting only a small amount of cluster
variability, but each range contained 1.0 signifying the relative importance of the unexplained
between-neighborhood variation over the effect of each single compositional area measure. This
means that neighborhood compositional measures did not explain the small amount of cluster
heterogeneity.
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Identical nested multilevel logistics models were also fit for CHF readmissions and the
results are shown in Table 3.4. Model 1, the intercept only model, demonstrated more cluster
variability than in the unique admissions model. The ICC was 0.42 and the MOR was 4.28
suggesting that the increase in the odds (in median) of a CHF readmission would be 4.28 if a
patient were to move to a neighborhood with a higher probability of CHF readmissions. Thus,
there is relatively more variation between neighborhoods regarding the tendency for CHF
readmissions as opposed to unique admissions. The inclusion of individual-level measures in
Model 2 slightly increased cluster variability (ICC = 0.45; MOR = 4.78), and the PCV was
negative suggesting that the high level of cluster variability was not explained by patient-level
factors. Despite these findings, the majority of individual measures were significant with the
exception of sex. The odds of a CHF readmission were significantly more likely among adults 65
and older and among Hispanic, NH blacks, NH Asians versus the referent group of NH whites.
As compared to private payer type, those with Medicare, Medicaid, or self-paying were all
significantly more likely to be readmitted for CHF.
Area-level measures were included in Model 3, and as noted by the PCV, explain 3.8% of
the neighborhood variance of Model 2. Additionally, the between block group variance was 44%
(ICC = 0.44) and according to the MOR, the median increase in the odds of a readmission for a
patient moving from a low CHF readmission area to a high one was 4.63. The association
between CHF readmissions and patient-level attributes for age group, race/ethnicity, and payer
groups are slightly attenuated from those seen in Model 2. The odds of a CHF readmission in
younger patients aged 25-44 and 45-64 were 0.01 (95%CI: 0.01, 0.01) and 0.12 (95%CI: 0.11,
0.13) times lower, respectively, than those over the age of 65. As compared to the referent group
of NH whites, NH blacks experienced the highest odds of readmission (OR = 2.92, 95%CI: 2.59,
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3.29), followed by Hispanics (OR = 1.49, 95%CI: 1.31, 1.70) and NH other race (OR = 1.24,
95%CI: 1.02, 1.52). Medicare patients (OR = 3.59, 95%CI: 3.10, 4.15), as well as those with
Medicaid (OR = 1.49, 95%CI: 1.26, 1.74), or no insurance (OR = 1.36, 95%CI: 1.05, 1.69) had
significantly greater odds of CHF readmission as compared to their private insurance holding
counterparts.
Area-level compositional measures demonstrated nearly identical associations with the
underlying probability of a CHF readmission as shown with unique admissions. As compared to
the referent (medium tertile) neighborhoods, patients in heavily Hispanic or NH black areas had
a higher odds of readmission (OR = 1.46, 95%CI: 1.17, 1.85 and OR = 1.31, 95%CI: 1.10, 1.63,
respectively) whereas only those residing in low tertile NH black block groups were significantly
less likely to be readmitted (OR = 0.72, 95%CI: 0.59, 0.90). Proportion of households living in
poverty followed a dose-response relationship; the odds of a CHF readmission was 1.29 (95%CI:
1.03, 1.56) times higher in high poverty areas and 0.84 (95%CI: 0.72, 1.00) times lower in low
poverty neighborhoods as compared the referent group. There were no significant differences
found for the proportion of residents without a high school degree. Considering the challenges in
interpreting neighborhood fixed effects, IOR-80% provides more information by comparing
patients with different area-level residuals. Unlike the IOR-80% ranges for unique CHF
admissions, those for readmissions were much wider, signifying a large amount of cluster
variability. However, the ranges also included 1.0 which means that once again, the area-level
effects were not able to explain the large amount of group heterogeneity.
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Discussion

Descriptive statistics revealed that patients experiencing a preventable CHF unique
admission or readmission tended to be older than 65 years of age and NH black compared to
controls for both groups. However, while a greater proportion of unique CHF admission cases
were male and Medicare beneficiaries, CHF readmission cases were more likely female and
Medicaid enrollees. In accordance with other studies,(38) bivariate logistic regression revealed
that age, sex, and race/ethnicity were strongly associated with preventable CHF admissions.
However, unlike past research,(20) the effect of sex was insignificant for readmissions.
Insurance type was also significant with Medicare, Medicaid, and self-paying patients more
likely to have a CHF hospitalization or readmission compared to controls. After accounting for
area-based clustering, these individual-level associations were attenuated but remained
significant suggesting the persistence of patient-level disparities in preventable CHF
hospitalizations.
The greatest proportion of CHF cases (unique admissions and readmissions) resided in
neighborhoods with a high proportion of NH black residents, households in poverty, and
residents without a high school degree. Although bivariate logistic regressions determined these
relationships to be significant and directly in line with past research on preventable CHF
admissions,(76, 77) accounting for clustering eliminated many of these associations, except for
proportion NH black residents (high or medium tertile versus low), which remained significant.
Interestingly, in comparison to unique hospitalizations, CHF readmissions appeared less
influenced by neighborhood deprivation measures including percent of households below the
FPL and residents without a high school degree.
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Findings from the nested hierarchical models demonstrated that patients with a
preventable unique CHF admission were more likely to be male, 65 years or older, Hispanic or
NH black, and Medicare, Medicaid, or self-paying. Although these results are directly in line
with previous research which has shown increased odds of preventable CHF admission for NH
black and Hispanic adults,(37, 72, 74) the inclusion of area-level compositional measures
attenuated the effect for black adults and removed that for Hispanic race/ethnicity. Similarly,
model results for CHF readmissions found that cases were more likely to be older, Hispanic or
NH black, and have Medicare, Medicaid, or self-paying. Inclusion of neighborhood-level factors
slightly attenuated, but did not remove, these patient-level effects. Despite a dearth of research
assessing multilevel predictors of CHF readmissions, the persistence of racial and ethnic
disparities is a common finding.(18, 22, 46, 47) It should be noted that analyses were not
stratified by age group, thus the association between CHF admissions and Medicare is likely to
be confounded or modified by patient age. Considering that only adults age 65 and older
typically qualify for Medicare, the age distribution of Medicare beneficiaries would be skewed
higher than other payer types. Disentangling the effect of age on the relationship between payer
type and CHF hospitalizations warrants future examination in multivariable analysis.
Although many of the neighborhood-level compositional measures were significant for
both unique admissions and readmission, inference of group-level odds ratios in logistic
hierarchical regression is obfuscated by the necessity to compare individuals with differing arealevel residuals and must be interpreted with caution, and together with the IOR-80%, which
accounts for unexplained between-group variability.(116-118) This study found that patients in
neighborhoods with a high proportion of NH black or Hispanic residents, households in poverty,
and residents without a high school degree were more likely to have experienced a unique CHF
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admission. However, even though these effects were significant, the IOR-80% determined
between cluster variability to be fairly small and explained poorly by the compositional measures
included in the model. For CHF readmissions, residence in heavily Hispanic or NH black areas,
and high poverty neighborhoods was significant. Interestingly, as compared to unique
admissions, IOR-80% ranges for all readmission area-based measures were much larger which
suggests greater cluster variability for readmissions. Despite high area-level heterogeneity in
readmissions, like unique admissions, the included neighborhood compositional measures were
unable to explain much of this observed variation between block groups.
This finding is important and provides a caveat to much of the literature that has
consistently found a relationship between area-level demographic and socioeconomic measures
and preventable hospitalizations. For unique admissions, a majority of studies find household
income measures to be the strongest predictor of both composite ACSC and CHF-specific
preventable admissions.(72-75) Secondary predictors include proportion of NH black(72, 74)
and Hispanic residents,(74), as well as the percent of Medicare beneficiaries in the
neighborhood.(77) For readmissions, the results from past research are less in accord, but
highlight the effects of area-level income, composite SES, educational attainment, race/ethnic
composition, poverty, unemployment, and insurance type on CHF readmission rates.(121, 122)
Despite evidence of these relationships, it is essential to assess carefully how well, and to what
extent, these measures are able to meaningfully account for between-group variation in CHF
admission and readmission rates.
This study found significant associations between most area-based compositional
characteristics and CHF hospitalizations that are directly in agreement with past studies.
Nevertheless, the relative ability of these measures to explain neighborhood variability in CHF
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admissions was undermined by residual cluster variation. Thus, it appears that these are poor
proxies for understanding salient neighborhood effects on preventable CHF hospitalizations and
their significance should not be overstated. Future research should attempt to elucidate the
underlying mechanisms at play by exploring place-based impacts such as racial segregation and
discrimination,(123, 124) barriers to comprehensive reoccurring outpatient medical care in the
community,(32) aspects of the built environment (e.g., walkability, safety, transportation, access
to amenities such as grocery stores, parks and open spaces, etc.),(55, 122) and other attributes of
local residence.
In addition to understanding what specific aspects of the neighborhood influence CHF
hospitalizations, tailoring investigative approaches by admission type appears to be warranted.
Differences in cluster variability as expressed by the IOR-80% suggest a greater amount of
neighborhood variability in CHF readmissions as compared with unique admissions. This could
indicate that community-level factors play a more prominent role in accounting for differences in
CHF readmissions than unique hospitalizations. Additional dissimilarities are apparent when
comparing model MORs, which were four times larger in magnitude for readmissions, again
signifying a greater amount of unexplained neighborhood variation in CHF that was not
accounted for by patient-level and/or area-level factors. These findings underscore the continued
need to distinguish between unique hospitalizations and readmissions for CHF in forthcoming
investigations.
Lastly, it is important to assess the limitations of this study which include possible
selection bias from geocoding errors and ACS margins of error for small-area studies. A few
significant demographic differences were observed between successfully geocoded and
unmatched CHF cases (see Appendix 2, Table A2.1). Unmatched individuals tend to be younger
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than 65 years of age, male, and uninsured or have Medicaid as compared to their geocoded
counterparts, all factors related to CHF risk.(23) Exclusion of these unmatched individuals is
expected to have biased results towards the null by underestimating associations. Another
limitation involves the use of ACS block group estimates and the potential for large margins of
error due to sampling methodology.(105) However, to reduce the effect of high-variability ACS
estimates, low population block groups (less than 100 total people) as well as those with fewer
than 50 sampled households were excluded from analysis.
This study highlights the importance of place in examining preventable CHF
hospitalization and readmission rates in NYC. In addition, the results provide further motivation
for the continued inquiry into neighborhood attributes, beyond compositional measures, that can
meaningfully explain variation in preventable CHF hospitalizations across local areas. Further
investigation should also distinguish between admission types to best identify community-level
strategies to avoid preventable hospitalizations, especially for CHF readmissions, which may
prove more amenable to place-based interventions.
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Table 3.1: Comparative table of individual- and block group-level characteristics between CHF
hospitalization cases and controls, New York City, 2007
Unique Admissions (n=248,586)
CHF Cases*

Readmissions (n=79,964)

Controls†

CHF Cases*

Controls†

n

%

n

%

n

%

n

%

16,352

6.58

232,234

93.42

6,778

8.48

73,186

91.52

25-44

711

4.35

138,979

59.84

335

4.94

40,739

55.67

45-64

4,020

24.58

61,517

26.49

2,069

30.53

23,832

32.56

65 and over

11,621

71.07

31,738

13.67

4,374

64.53

8,615

11.77

Female

8,977

54.90

156,255

67.28

3,422

50.49

36,093

49.32

Male

7,375

45.10

75,976

32.72

3,356

49.51

37,093

50.68

Total
Individual-level
Characteristics
Age

Sex

Missing

0

3

0

0

Race/Ethnicity
Hispanic/Latino

2,927

19.25

48,694

23.05

1,458

23.18

17,658

26.80

NH Black

5,186

34.10

55,272

26.16

2,543

40.43

20,568

31.22

NH White

5,780

38.01

74,299

35.17

1,712

27.22

18,690

28.37

NH Asian

618

4.06

17,836

8.44

293

4.66

5,223

7.93

NH Other

696

4.58

15,175

7.18

284

4.52

3,752

5.69

Missing

1,145

20,958

488

7,295

Payer Type
None/Self-pay

567

3.47

23,095

10.03

206

3.04

6,340

8.72

Medicare

11,533

70.57

36,835

16.00

1,620

23.91

39,594

54.45

Medicaid

2,652

16.23

84,820

36.85

4,550

67.16

13,529

18.61

Private

1,213

7.42

64,991

28.23

308

4.55

9,868

13.57

Other

378

2.31

20,446

8.88

91

1.34

3,382

4.65

Missing
Neighborhood-level
Characteristics
% NH Black

9

2,047

3

473

Low (0-19%)

8,709

53.29

141,429

60.99

3,048

44.98

39,916

54.62

Medium (20-39%)

2,464

15.08

32,736

14.12

1,307

19.29

12,987

17.77

High (40% or more)

5,169

31.63

57,705

24.89

2,422

35.74

20,180

27.61

Missing

10

364

1

103

% Hispanic
Low (0-19%)

7,815

47.82

113,398

62

48.91

2,746

40.52

31,098

42.55

Medium (20-39%)

3,554

21.75

47,816

20.62

2,527

37.29

26,297

35.98

High (40% or more)

4,973

30.43

70,656

30.47

1,504

22.19

15,688

21.47

Missing

10

364

1

103

% of HH in Poverty
Low (0-19%)

8,388

51.45

130,872

56.59

2,986

44.20

36,175

49.83

Medium (20-39%)

5,069

31.09

68,876

29.78

2,223

32.91

23,808

32.80

High (40% or more)

2,846

17.46

31,500

13.62

1,546

22.89

12,608

17.37

Missing

49

986

23

595

% with < HS Education
Low (0-19%)

7,331

44.86

113,782

49.08

2,595

38.29

31,145

42.62

Medium (20-39%)

5,916

36.20

78,854

34.01

2,598

38.34

25,854

35.38

High (40% or more)

3,095

18.94

39,202

16.91

1,584

23.37

16,073

22.00

Missing

10

396

1

114

*CHF Cases=all discharges with primary diagnosis of Congestive Heart Failure; †Controls=all discharges except those with
a history of CVD
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Table 3.2: Crude associations (logistic and generalized estimating equations (GEE)) between CHF hospitalization and both
individual- and block group-level characteristics, New York City, 2007
n

Age
25-44
45-64
65 and over*
Sex
Female
Male*
Race/Ethnicity
Hispanic/Latino
NH Black
NH White*
NH Asian
NH Other
Payer Type
None/Self-pay
Medicare
Medicaid
Private*
Other

% NH Black
Low (0-19%)*
Medium (20-39%)

CHF Unique Admissions
Pr >
Percent
OR
GEE OR†
ChiSq

Pr
>|Z|

n

8,977
7,375

54.90
45.10

2,927
5,186
5,780
618
696

19.25
34.10
38.01
4.06
4.58

567
11,533
2,652
1,213
378

3.47
70.57
16.23
7.42
2.31

Individual-Level Characteristics
<.0001
0.01 <.0001
0.01
<.0001
335
0.18 <.0001
0.17
<.0001
2,069
1.00
1.00
4,374
<.0001
0.59 <.0001
0.58
<.0001
3,422
1.00
1.00
3,356
<.0001
0.77 <.0001
0.71
<.0001
1,458
1.21 <.0001
1.09
0.0006
2,543
1.00
1.00
1,712
0.45 <.0001
0.45
<.0001
293
0.59 <.0001
0.58
<.0001
284
<.0001
1.32 <.0001
1.24
0.0002
206
16.78 <.0001
15.73
<.0001
1,620
1.68 <.0001
1.54
<.0001
4,550
1.00
1.00
308
0.99
0.87
0.99
0.80
91

53.29
15.08

Neighborhood-level Characteristics
<.0001
1.00
1.00
3,048
1.22 <.0001
1.21
<.0001
1,307

711
4,020
11,621

8,709
2,464

4.35
24.58
71.07
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CHF Readmissions
Pr >
Percent
OR
GEE OR†
ChiSq

4.94
30.53
64.53

0.02
0.17
1.00

<.0001
<.0001
<.0001

Pr >|Z|

0.01
0.16
1.00

<.0001
<.0001

0.91
1.00

0.0261

0.83
1.27
1.00
0.65
0.82

0.0013
<.0001

1.08
10.47
1.29
1.00
0.94

0.5411
0.0037
<.0001

0.7571
50.49
49.51

0.99
1.00

23.18
40.43
27.22
4.66
4.52

0.90
1.35
1.00
0.61
0.83

0.7571
<.0001
0.0052
<.0001

3.04
23.91
67.16
4.55
1.34

<.0001
0.0041
<.0001
1.04 0.6602
10.78 <.0001
1.31 <.0001
1.00
0.86 0.2199

44.98
19.29

1.00
1.32

<.0001
0.0128

0.6434

<.0001
<.0001

1.00
1.31

<.0001

High (40% or more)
% Hispanic
Low (0-19%)*
Medium (20-39%)
High (40% or more)
% of HH in Poverty
Low (0-19%)*
Medium (20-39%)
High (40% or more)
% with < HS
Education
Low (0-19%)*
Medium (20-39%)
High (40% or more)

5,169

31.63

1.46

7,815
3,554
4,973

47.82
21.75
30.43

1.00
1.08
1.02

8,388
5,069
2,846

51.45
31.09
17.46

1.00
1.15
1.41

<.0001
0.0015
0.0003
0.2617
<.0001
<.0001
<.0001

1.42
1.00
0.98
1.02
1.00
1.15
1.38

<.0001

2,422

35.74

1.57

0.3513
0.5906

2,746
2,527
1,504

40.52
37.29
22.19

1.00
1.09
1.09

<.0001
<.0001

2,223
2,986
1,546

32.91
44.20
22.89

1.00
1.13
1.48

<.0001
7,331
5,916
3,095

44.86
36.20
18.94

1.00
1.16
1.23

<.0001
<.0001

<.0001
0.0053
0.0142
0.0033
<.0001
<.0001
<.0001

1.52

<.0001

1.00
0.96
0.97

0.4299
0.5641

1.00
1.09
1.43

0.0994
<.0001

1.00
1.13
1.07

0.0120
0.2613

<.0001
1.00
1.13
1.16

*Referent group; †Accounts for correlations at the Census block group level
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<.0001
<.0001

2,595
2,598
1,584

38.29
38.34
23.37

1.00
1.21
1.18

<.0001
<.0001

Table 3.3: Multilevel logistic models* assessing measures of association between CHF unique admissions and individual- and block
group-level characteristics in New York City, 2007

FIXED EFFECTS
Individual-level
Characteristics
Intercept

Model 1
Estimate
(95% CI)
Pr < |t|

-3.20
(-3.23, -3.18)

<.001

Model 2
Estimate
(95% CI)

-2.41
(-2.49, -2.31)

Pr < |t|

Model 3
Odds Ratio
(95% CI)

Estimate
(95% CI)

-2.06
(-2.21, -1.93)

<.001

Pr < |t|

Odds Ratio
(95% CI)

<.001

Age
(65 and over, RG)
25-44
45-64

-4.06
(-4.15, -3.97)
-1.46
(-1.52, -1.40)

<.001
<.001

0.02
(0.02, 0.02)
0.23
(0.22, 0.25)

-4.07
(-4.16, -3.97)
-1.49
(-1.56, -1.43)

0.78
(0.75, 0.82)

-0.24
(-0.28, -0.20)

1.37
(1.29, 1.46)
2.41
(2.29, 2.53)
0.85
(0.76, 0.94)
0.99
(0.89, 1.10)

0.05
(-0.03, 0.12)
0.55
(0.49, 0.62)
-0.28
(-0.38, -0.18)
-0.09
(-0.19, 0.00)

1.25
(1.12, 1.40)

0.17
(0.06, 0.28)

<.001
<.001

0.02
(0.02, 0.02)
0.22
(0.21, 0.24)

Sex
(Male, RG)
Female

-0.24
(-0.29, -0.20)

<.001

<.001

0.78
(0.75, 0.82)

Race/Ethnicity
(NH White, RG)
Hispanic/Latino
NH Black
NH Asian
NH Other

0.31
(0.25, 0.38)
0.88
(0.83, 0.93)
-0.16
(-0.27, -0.06)
-0.01
(-0.12, 0.10)

<.001
<.001
<.001
0.834

0.262
<.001
<.001
0.09

1.05
(0.97, 1.13)
1.74
(1.63, 1.86)
0.76
(0.69, 0.83)
0.91
(0.83, 1.00)

Payer Type
(Private, RG)
None/Self-pay

0.23
(0.11, 0.33)
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<.001

<.001

1.19
(1.06, 1.33)

Medicare
Medicaid
Other

1.19
(1.11, 1.27)
0.52
(0.43, 0.43)
-0.15
(-0.26, -0.26)

<.001
<.001
0.008

3.28
(3.02, 3.55)
1.68
(1.53, 1.53)
0.86
(0.77, 0.77)

1.13
(1.06, 1.21)
0.43
(0.35, 0.50)
-0.17
(-0.30, -0.01)

<.001
<.001
0.02

3.11
(2.88, 3.37)
1.54
(1.42, 1.66)
0.84
(0.74, 0.99)

Neighborhood-level
Characteristics
% NH Black
(Med. (20-39%), RG)
Low (0-19%)

-0.11
(-0.21, -0.05)

0.006

0.28
(0.19, 0.36)

<.001

-0.05
(-0.11, 0.02)

0.208

0.14
(0.07, 0.22)

<.001

-0.16
(-0.22, -0.10)

<.001

0.16
(0.08, 0.25)

0.002

IOR-80
High (40% or more)
IOR-80
% Hispanic
(Med. (20-39%), RG)
Low (0-19%)
IOR-80
High (40% or more)
IOR-80
% of HH in Poverty
(Med. (20-39%), RG)
Low (0-19%)
IOR-80
High (40% or more)
IOR-80
% with <HS Educ.
(Med. (20-39%), RG)
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0.89
(0.81, 0.95)
(0.42, 1.88)
1.32
(1.21, 1.44)
(0.63, 2.79)

0.96
(0.89, 1.02)
(0.45, 2.01)
1.15
(1.07, 1.25)
(0.55, 2.43)

0.85
(0.80, 0.91)
(0.40, 1.80)
1.17
(1.09, 1.28)
(0.56, 2.47)

Low (0-19%)

-0.14
(-0.19, -0.07)

<.001

0.03
(-0.06, 0.11)

0.514

IOR-80
High (40% or more)
IOR-80
RANDOM EFFECTS
Level-2 Variance (95% CI)
PCV
MOR
ICC†
MODEL FIT
DIC
N

0.38 (0.35, 0.42)

0.87
(0.83, 0.93)
(0.41, 1.84)
1.03
(0.94, 1.12)
(0.49, 2.17)

1.80
0.10

0.20 (0.17, 0.23)
47.89
1.53
0.06

0.17 (0.14, 0.20)
14.97
1.48
0.05

106118.20

77887.43

77627.89

223692

223692

223692

RG, referent group; PCV, proportional chance in variance; MOR, median odds ratio; ICC, intraclass correlation; DIC, deviance information criterion
*Multilevel models estimated with Markov Chain Monte Carlo method using MCMCglmm in R. †ICC calculated using the latent variable method
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Table 3.4: Multilevel logistic models* assessing measures of association between CHF readmission and individual- and block grouplevel characteristics in New York City, 2007

FIXED EFFECTS
Individual-level
Characteristics
Intercept
Age
(65 and over, RG)
25-44
45-64

Model 1
Estimate
(95% CI)
Pr < |t|

-3.44
(-3.52, -3.37)

<.001

Model 2
Estimate
(95% CI)

Pr < |t|

-2.79
(-2.97, -2.61)

Model 3
Odds Ratio
(95% CI)

-2.34
(-2.66, -2.01)

<.001

-4.95
(-5.12, -4.78)
-2.11
(-2.23, -2.00)

<.001
<.001

Estimate
(95% CI)

0.01
(0.01, 0.01)
0.12
(0.11, 0.13)

-4.96
(-5.16, -4.79)
-2.14
(-2.25, -2.01)

0.92
(0.84, 1.00)

-0.09
(-0.17, 0.00)

1.97
(1.76, 2.20)
4.12
(3.62, 4.58)
1.24
(1.02, 1.49)
1.41
(1.15, 1.71)

0.40
(0.27, 0.53)
1.07
(0.95, 1.19)
0.09
(-0.09, 0.28)
0.22
(0.02, 0.42)

1.44
(1.18, 1.87)

0.30
(0.05, 0.52)

Pr < |t|

Odds Ratio
(95% CI)

<.001

<.001
<.001

0.01
(0.01, 0.01)
0.12
(0.11, 0.13)

Sex
(Male, RG)
Female

-0.09
(-0.18, 0.00)

0.080

0.074

0.92
(0.84, 1.01)

Race/Ethnicity
(NH White, RG)
Hispanic/Latino
NH Black
NH Asian
NH Other

0.68
(0.56, 0.79)
1.42
(1.29, 1.52)
0.21
(0.02, 0.40)
0.34
(0.14, 0.54)

<.001
<.001
0.034
0.004

<.001
<.001
0.300
0.018

1.49
(1.31, 1.70)
2.92
(2.59, 3.29)
1.10
(0.92, 1.32)
1.24
(1.02, 1.52)

Payer Type
(Private, RG)
None/Self-pay

0.37
(0.17, 0.63)

<.001
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0.002

1.36
(1.05, 1.69)

Medicare
Medicaid
Other

1.32
(1.15, 1.49)
0.47
(0.32, 0.63)
-0.42
(-0.68, -0.14)

<.001
<.001
0.002

3.75
(3.17, 4.45)
1.59
(1.37, 1.89)
0.65
(0.50, 0.87)

1.28
(1.13, 1.42)
0.40
(0.23, 0.55)
-0.31
(-0.62, -0.01)

<.001
<.001
0.020

3.59
(3.10, 4.15)
1.49
(1.26, 1.74)
0.73
(0.54, 0.99)

Neighborhood-level
Characteristics
% NH Black
(Med. (20-39%), RG)
Low (0-19%)

-0.33
(-0.53, -0.11)

<.001

0.38
(0.16, 0.61)

0.002

-0.08
(-0.26, 0.08)

0.420

0.27
(0.09, 0.49)

0.010

-0.17
(-0.33, 0.00)

0.038

0.26
(0.02, 0.45)

0.018

IOR-80
High (40% or more)
IOR-80
% Hispanic
(Med. (20-39%), RG)
Low (0-19%)
IOR-80
High (40% or more)
IOR-80
% of HH in Poverty
(Med. (20-39%), RG)
Low (0-19%)
IOR-80
High (40% or more)
IOR-80
% with < HS Education
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0.72
(0.59, 0.90)
(0.04, 13.29)
1.46
(1.17, 1.85)
(0.08, 27.11)

0.93
(0.77, 1.09)
(0.05, 17.19)
1.31
(1.10, 1.63)
(0.07, 24.41)

0.84
(0.72, 1.00)
(0.05, 15.67)
1.29
(1.03, 1.56)
(0.07, 24.04)

(Med. (20-39%), RG)
Low (0-19%)

-0.17
(-0.33, 0.01)

0.060

-0.05
(-0.28, 0.16)

0.706

IOR-80
High (40% or more)
IOR-80
RANDOM EFFECTS
Level-2 Variance (95%
CI)
PCV
MOR
ICC†
MODEL FIT
DIC
N

0.84
(0.72, 1.01)
(0.05, 15.69)
0.96
(0.76, 1.18)
(0.05, 17.76)

2.34 (2.11, 2.54)

2.71 (2.52, 2.92)

2.61 (2.36, 2.85)

4.28
0.42

-15.82
4.78
0.45

3.80
4.63
0.44

35958.92

25867.07

25810.05

71193

71193

71193

RG, referent group; PCV, proportional chance in variance; MOR, median odds ratio; ICC, intraclass correlation; DIC, deviance information criterion
*Multilevel models estimated with Markov Chain Monte Carlo method using MCMCglmm in R. †ICC calculated using the latent variable method
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Chapter 4. Discussion

Overview and Summary of findings

Faced with rising medical care costs, increasing prevalence, and widening health
disparities, preventing CHF hospitalizations is a central public health concern. Despite evidence
of geographical clustering in preventable CHF admissions, there is a lack of research designed to
examine spatial patterning of CHF, and the local area neighborhood determinants that contribute
to this variability. This study sought to assess and evaluate the importance of both space and
place in analyzing preventable CHF hospitalizations and readmissions by applying appropriate
statistical techniques, clarifying the assumptions inherent in each method, and interpreting the
findings within the context of existing research.
Aim 1 measured the degree of spatial autocorrelation and visualized local patterns of
clustering in preventable CHF hospitalization and readmission rates across the study area. For
both unique hospitalizations and readmissions, significant clustering was detected indicating the
presence of spatial dependence among observations. Large pockets of locally correlated high
CHF hospitalization rates, or hot spots, were identified in areas in the south and central Bronx,
northern Manhattan, and central Brooklyn for both admission types. Confirmation of significant
clustering suggested the need to control for spatial dependence in statistical approaches to ensure
results are not biased.
Aim 2 evaluated the association of neighborhood-level demographic and socioeconomic
compositional measures with preventable CHF hospitalizations and readmissions using an
aspatial OLS regression model followed by a SAR error model to control for residual
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autocorrelation. The OLS model found unique CHF admission rates to be positively associated
with percentage non-Hispanic black and Hispanic, proportion of households below the FLP, and
residents without a high school degree. CHF readmission rates demonstrated similar, although
weaker relationships with the exception of educational attainment, which was not significant. In
line with past research,(72-75) household poverty was the strongest predictor of both CHF
unique hospitalizations and readmission rates. The inclusion of a spatially lagged error term in
the SAR error models increased standard errors for the regression coefficients and altered the
strength of relationships between CHF rates and area-level factors. However, there was no
change in the significance of these estimates. Specifically, the effect of residing in a
neighborhood with a high proportion of households in poverty was attenuated, and no longer
remained the most influential predictor for CHF hospitalizations and readmissions. This indicates
that past studies may have obtained biased coefficients that overestimated the impact of
neighborhood income on preventable hospitalizations by failing to account for spatial clustering.
Next steps should include disentangling measures of effect at multiple levels of exposure to
prevent CHF hospitalizations by taking into account both individual- and neighborhood-level
characteristics while controlling for spatial dependence.
Aim 3 examined the effect of neighborhood sociodemographic composition and patientlevel measures on preventable CHF hospitalization and readmission rates using a Bayesian
multilevel modeling approach to account for the correlation of outcomes within and between
neighborhoods. Individual-level characteristics associated with unique CHF admissions were
male sex, older age, Hispanic or NH black race/ethnicity, and Medicare, Medicaid, or self-pay
insurance type. Significant patient predictors were the same for CHF readmissions with the
exception of sex. The addition of neighborhood attributes attenuated, but did not fully remove,
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most patient-level effects. Results indicate that living in communities with a high proportion of
NH black or Hispanic residents, households in poverty, and residents without a high school
degree increased the odds of a unique CHF admission. Despite being significant, the betweengroup variability in CHF hospitalizations was fairly small and was not explained fully by the
neighborhood measures included in the model. For CHF readmissions, significant area-based
predictors included living in high poverty communities as well as heavily Hispanic or NH black
areas. Notably, cluster heterogeneity was considerably greater for CHF readmissions as
compared to unique admissions, but area-based measures were still insufficient in explaining
much of the observed variation. Further investigation is clearly needed to expose neighborhood
factors that meaningfully explain between-group variation in CHF admission and readmission
rates.

Limitations

Operationalization of preventable CHF hospitalizations
Although the concept of preventable hospitalizations has become increasingly common in
the literature, and as an outcome measure, it is important to review how methodological
limitations relating to operationalization may influence study results and inference. One
consideration is the use of hospital discharge data as well as how this type of administrative
information may impact the classification and enumeration of preventable hospitalizations for
CHF.(3) In the absence of standardized diagnostic criteria for CHF, variability in case
ascertainment within a clinical setting has been reflected in the findings from different studies.
On the other hand, hospital discharge data, particularly when limited to inpatient records,
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presents its own methodological limitations. Researchers should proceed with caution when
assessing the overall burden of CHF using inpatient data, as a large number of CHF cases are
diagnosed in outpatient settings and would have been excluded from analysis. However, this is
likely not a concern for research focused on preventable hospitalizations rather than CHF
prevalence.
Disease categorization using hospital records is most often based upon the ICD coding
system. In an effort to assess the validity of ICD codes to identify CHF hospitalizations, one
study compared cases with clinical evidence of CHF from the Corpus Christi Heart Project with
hospital discharge records.(125) The analysis revealed a sensitivity of 0.67 and specificity of
0.93 when using any ICD code for heart failure; approximately one-third of patients with clinical
evidence of CHF were missed by the ICD coding system algorithms. Another study contrasting
insurance claim discharge data for CHF with a clinical database from Duke University Medical
Center calculated a sensitivity of 0.36 and a specificity of 0.96, suggesting an even higher
proportion of undercounted CHF cases (64%).(126) Apart from primary diagnosis,
underestimating CHF hospitalizations may also impact the estimates of CHF-related
complications and comorbid illness. Under-enumeration of hospitalizations with clinical
evidence of CHF is troubling, particularly due to evidence of differential misclassification by
age, race/ethnicity, and sex. Studies report that CHF misclassification using discharge data was
higher among younger adults, men, and non-Hispanic whites.(125-127)
Another potential source of bias in case ascertainment relates to payment preferences and
secular trends in coding patterns.(3) Hospital reimbursement has moved away from the fee-perservice method and towards the prospective payment system which allocates payment using
diagnosis-related groups (DRGs).(128) There is some evidence that the use of DRGs create
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financial incentives that have influenced the assignment of hospital discharges toward codes with
higher reimbursement such as CHF, a process termed “upcoding”.(128, 129) Systematic
misclassification in an analysis using data from the Cardiovascular Health Study resulted in a
high proportion of false positives (37.5%) as compared to false negatives (10.1%), and was
estimated to cost $502 million per year.(129) The controversy regarding whether discharge data
results in an over- or under-estimation of CHF hospitalizations, and thus, a reliable indicator of
CHF preventable hospitalization prevalence, is far from resolved and requires further research.

Operationalization of neighborhood measures & residual confounding
Distinguishing between context and composition, as well as the potential endogeneity of
area-based characteristics, is probably one of the most contentious and critiqued aspects of
neighborhood effect research.(106-109) As a result of residential segregation or social
stratification, population groups may be sorted or selected into specific neighborhoods based
upon their individual characteristics.(106, 109-112) In an effort to control for these selection
issues in observational designs, analyses often include many individual-level covariates in
multilevel models. Some contend that neighborhood attributes are completely endogenous to
individuals; a perfectly specified model would not be able to detect between-group differences
thus residual (or structural) confounding will always be present due to unknown or unmeasured
individual confounders.(106) A more common practice is to view context as a residual category,
where the neighborhood effect is interpreted as the remainder after available individual factors
are controlled for in analysis. However, these approaches fail to consider the fact that cross-level
causal pathways are complex and possibly reciprocal. Over-adjusting for individual
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characteristics that may also mediate the association between the neighborhood feature and
individual health outcome will “explain away” any neighborhood effects.(107, 109, 110)
The study design for Aim 2 was ecological, and thus, did not account for individual-level
characteristics. As a result, residential confounding must not be ruled out. However, Aim 3
included both patient- and area-level measures, and found that both exerted a significant effect
on CHF admissions. Although the addition of neighborhood measures attenuated the relationship
between patient characteristics and CHF, the fact that significance remained suggests that these
constructs do not represent identical concepts at different levels. Further research regarding the
interaction between these measures at multiple levels is needed to better understand how
residential confounding can influence associations.

Conceptualizing the unit of analysis
Accurately conceptualizing the unit of analysis (i.e., neighborhood in area-based
research) to ensure that it is theoretically meaningful and representative of the research question
is a persistent challenge.(54, 108) The spatial delineation or classification of neighborhoods is
rarely considered systematically, and many studies have relied on Census-defined or
administrative boundaries as a proxy for neighborhoods, without taking into account how
residents perceive or define their local community. In addition, the geographic scale is often
selected without taking into consideration the feature being measured, the target population,
potential mechanisms, and the specific outcome of interest.(130) Unfortunately, most researchers
are constrained by the availability of data and must rely on imperfect spatial units. It is important
to make these limitations clear, and to evaluate how the scale of the neighborhood may impact
the results.(130, 131)
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In multilevel models, both fixed and random effect parameter estimation is meaningfully,
but often differentially, impacted by the selected geographic scale, a phenomenon known as the
modifiable area unit problem (MAUP).(132) For example, in a study examining the association
between CVD risk and several constructs of the neighborhood environment, Mujahid et al. found
that alternative definitions of the neighborhood (Census tracts and neighborhood clusters)
behaved differently in the model.(133) The observed ICCs were much smaller for larger
geographic areas (neighborhood clusters) compared to Census tract neighborhoods due to a
higher degree of within-group heterogeneity.
Operationalization of the neighborhood unit poses a similar challenge for spatial error
regression analysis. However, spatial regression requires the selection of not only a geographic
unit, but also a spatial weights matrix to specify the structural form of the study area.(100) There
are a variety of spatial weights matrices and estimation of the lagged parameters depends upon
the functional form expressed by the particular matrix.(92) Similarly, spatial autocorrelation is
sensitive to the geographic scale and shape of the neighborhood clustering, and associations may
appear at one scale, but be absent at another.(88) The interrelationship between spatial patterns
or effects and the geography of the observational unit is yet another example of MAUP.(100)
Incongruity between the neighborhood scale and the spatial process under investigation can lead
to heteroskedasticity if there is too much variation within units, or positive spatial autocorrelation
if the process operates on a greater scale than the neighborhood.(134) Careful consideration of
both the geographic scale and the functional form of the study area requires an understanding of
underlying spatial processes as well as the structure of the spatial dependence.
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Strengths, public health significance, and future research directions

Hospitalization for CHF is a costly and potentially avoidable consequence of poor
primary and preventive care in the community.(28, 30, 31, 31-33) Despite the identification of
patient-level risk factors and targeted interventions to reduce CHF through healthy lifestyle and
behavioral change, hospital admissions for CHF are increasing and disparities continue to widen.
(53-55, 58) Researchers have turned to exploring attributes of the neighborhood environment to
explain geographic variation in preventable hospitalization rates as well as potential barriers to
reducing individual risk. However, community-based determinants of CHF admissions remain
understudied and poorly identified; a problem resulting from methodological limitations inherent
in measuring and modeling neighborhood effects.
This study not only fills a gap in the literature, but also improves upon existing areabased effects research. It advances the field by identifying potential bias introduced by spatial
dependence, stratifying analyses by admission type, and minimizing cluster heterogeneity by
employing large-scale neighborhood proxies. The approach was designed to integrate and
estimate compositional features of the neighborhood, as well as spatial variability over the study
area, to not only further our understanding of preventable CHF hospitalizations but also to guide
future directions for research. The proceeding sections highlights specific strengths of this study
and discuss next steps for future exploration.

Moving beyond area-based compositional measures
In the literature evaluating area-based measures of effect for preventable CHF
hospitalizations and readmissions, to the author’s knowledge, no studies have investigated the
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impact of geographical variation in CHF hospitalizations on model results. Notably, accounting
for residual spatial autocorrelation using SAR error models in Aim 2 modified standard errors
and associations found in the aspatial OLS models. Most importantly, after the inclusion of a
spatially lagged error term, neighborhood poverty, as measured by the proportion of households
living under the FPL, no longer remained the most influential predictor for both unique
hospitalizations and readmission. Additional evidence is provided in Aim 3; area-based
measures, despite showing significance, were unable to account for between-neighborhood
variability in CHF hospitalizations. Given evidence suggesting that neighborhood SES plays a
significant and independent role in CHF admissions,(76, 77) it is possible that these studies may
have inflated the measures of effect due to uncontrolled spatial dependence or unmeasured
mediators. Caution is urged when interpreting the relative strength of these area-based
socioeconomic measures, especially if residual spatial autocorrelation was not evaluated.
Systematic over-reliance on neighborhood compositional attributes to represent context is
understandable since they are available on many geographical scales from the Census and other
administrative databases. However, these measures serve as proxies for more specific features of
the neighborhood environment that are unmeasurable, unknown, or more difficult to obtain.
Therefore, future research should attempt to elucidate the underlying mechanisms driving
associations between area composition, especially SES, and preventable hospitalizations for
CHF. Several potential pathways exist, and it is likely that access to primary and secondary care
in the community, as well as aspects of the built and social environment, act as mediators.
Quality outpatient medical care as measured by density of primary care physicians and
specialists, along with the number and quality of nursing homes, has been linked to reductions in
CHF hospitalizations.(122, 135, 136) There is also evidence of variation in CHF readmission
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rates across hospitals, suggesting that hospital-level performance and other service-based factors
may also influence the geographic patterning of CHF admission risk.(137) In addition, aspects of
the build and social environment, such as walkability, safety, transportation, and access to
amenities including grocery stores and open space, can facilitate healthy behavioral change to
improve health outcomes.(138) Lastly, there is evidence that racial/ethnic residential segregation
and discrimination can exacerbate health disparities through the adoption of behavioral risk
factors.(123, 124) Community-based approaches to prevent CHF hospitalizations and
readmissions will only be successful if they target specific causal mechanisms and not rely on
imprecise proxies.
Another important consideration is how individual-level characteristics interact with
area-based measures to modify the association between neighborhood context and preventable
CHF hospitalizations. For example, the influence of neighborhood poverty on CHF admissions
may differ depending on the SES of the individual. Similarly, the relationship between
neighborhood racial/ethnic composition and hospitalization for CHF is likely to be very different
for patients whose race/ethnicity differs from the predominant group in a highly segregated
community as compared to individuals identifying with the majority. Future models should
examine the interaction between measures operating at different levels to determine whether or
not associations are generalizable to different population groups.

Meaningful operationalization of the neighborhood environment
Past research has consistently operationalized the neighborhood environment using
geographies at the Census tract level and higher,(76, 77) which may introduce high levels of
within-group heterogeneity. The availability of geographic identifiers in the SPARCS data
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permitted residential address to be geocoded to the 2010 U.S. Census at the block group level,
which are the smallest geographic areas for which the Census publishes sample data. Block
groups are combinations of Census blocks and represent approximately 600-3,000 individuals
which help to minimize individual differences within groups as compared to larger aggregates.
The use of smaller scale geographic units, such as Census tracts or zip codes, tends to mask
between-neighborhood variability,(133) and thus, the use of block groups as proxies for
residential environment is a significant improvement over existing methodologies.
The challenge in selecting a neighborhood definition to serve as the ecological or area
unit of analysis is ensuring that it functions in an empirically and conceptually valid way.
Choosing a level of aggregation is often a function of data availability and not made with regard
to the scale at which the processes of interest are operating. This inconsistency can lead to
differences in observed measures of effect as noted by Krieger et al. in the Public Health
Disparities Geocoding Project, which assessed how different area-based socioeconomic factors
impact health outcomes at difference levels of geography.(79) The authors found that block
group- and tract-level socioeconomic measures (especially percentage below poverty) performed
more consistently than zip code aggregates for a variety of outcomes including mortality, cancer
incidence, low birthweight, and others.(78-80) Future steps that involve sensitivity analyses and
tests of robustness to determine whether results are stable over various spatial matrices and
geographic scales are needed to assess potential bias.(80, 92) Acknowledgement of the current
over-reliance on arbitrary administrative boundaries to define neighborhoods has given rise to
more sophisticated methodologies designed to provide meaningful operationalizations. Among
these promising, albeit unstandardized, approaches are person-centric buffers,(139) automated

82

zone design,(140, 141) pedestrian street networks,(142, 143) and socio-spatial neighborhood
estimation.(130, 131)

A targeted approach to analysis and intervention strategies
Another important strength of this study is the presence of a unique patient identifier in
the SPARCS data which enabled the linkage of multiple records for the same individual to
distinguish readmissions. Reliance on hospital discharge data often necessitates defining the unit
of analysis as a discharge and not an individual. Without a measure of the frequency of
readmission, hospital discharges do not provide insight into individual outcomes after a
diagnosis of CHF.(3) In other words, the implications derived from the total number of CHF
admissions may be different from those developed using the number of hospitalizations
experienced by individual patients living with CHF. Although estimates range depending on the
study, approximately 19-25% of patients are readmitted in 30-days and 44-50% within 6-months
after the index admission for CHF.(20, 41, 42) Given that readmission for CHF is common,
further investigation into how readmissions may bias estimates of, and associations for,
preventable CHF hospitalizations is important.
Additionally, this study found some noteworthy differences between unique
hospitalizations and readmissions that warrant additional analysis. First, the strength of the
association between CHF readmissions and neighborhood compositional measures was weaker
than that for unique admissions. Second, cluster variability in CHF readmissions, even after
accounting for patient and area-based factors, was much greater relative to unique admissions.
This suggests that CHF readmissions are geographically clustered, and as a result, would benefit
from targeted research aimed at identifying local-area factors that drive spatial patterning of risk.
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However, these insights would be obscured in analyses that do not differentiate between types of
admissions, and every effort should be made to investigate CHF readmissions as a discrete
outcome. Another area for future focus regards attempts to better reveal and quantify how
various place-based effects differentially impact CHF hospitalizations depending on patient age.
Disparities in age of CHF hospitalizations are prevalent,(23, 40) and evidence suggests that
neighborhood SES is more strongly associated with CHF hospitalizations in younger adults,
perhaps due to Medicare availability.(73, 75-77) Therefore, analyses that stratify by age-group
are needed to disentangle the comparative importance of place and space in preventing CHF
admissions across the age spectrum.
Future investigation and health policies would also benefit from a geographically targeted
approach to examining area-based determinants of preventable CHF hospitalizations. The
existence of highly clustered CHF hot spots and model residuals provides an opportunity to focus
limited resources and efforts in particularly vulnerable communities to uncover potential drivers
of excess risk. In addition, outreach and intervention strategies aimed at improving access to
quality preventive and follow-up care in these specific neighborhoods (or hospitals) would reach
at-risk populations in a highly efficient manner. This may be especially true for CHF
readmissions considering the large amount of unexplained cluster variability relative to unique
admissions.

Conclusion

Considered collectively, the findings from these analyses make clear that both space and
place play important, and independent, roles in shaping preventable CHF hospitalizations across
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NYC. Past research is limited and statistical approaches have failed to account for multiple levels
of influence and spatial dependence in assessing neighborhood effects of CHF admissions. These
shortcomings may have unintentionally resulted in overemphasizing the predictive powers of
neighborhood socioeconomic measures, such as poverty or income, to meaningfully explain
variation in preventable CHF admissions and readmissions. Notably, after accounting for
residual spatial autocorrelation, neighborhood poverty no longer remained the most influential
predictor for both unique hospitalizations and readmissions. Additionally, area-based measures,
despite showing significance, were unable to meaningfully account for between-neighborhood
variability in CHF hospitalizations. Furthermore, stratifying analyses by CHF admission type is
necessary for evaluating differences in neighborhood variability, identifying area-based
determinants, and ultimately, in targeting community approaches to prevent CHF
hospitalizations and readmissions.

85

Appendix 1: Selection of Preventable CHF Hospitalization and Readmission Cases and Controls

Figure A1.1: Selection schema and exclusion criteria for CHF hospitalization cases and controls
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Appendix 2: Characteristics of Geocoded and Unmatched CHF Cases
Table A2.1: Comparative table of demographic characteristics between geocoded and unmatched CHF cases
CHF Unique Admissions (n=17,135)
Geocoded
Unmatched
n
Total
Age
25-44
45-64
65 and over*
Sex
Female
Male*
Race/Ethnicity
Hispanic/Latino
NH Black
NH White*
NH Asian
NH Other
Payer Type
None/Self-pay
Medicare
Medicaid
Private*
Other

%

16,352 95.43

n

%

783

4.57

711
4.35
4,020 24.58
11,621 71.07

60
240
483

8,977
7,375

54.90
45.10

395
388

2,927
5,186
5,780
618
696

19.25
34.10
38.01
4.06
4.58

127
283
252
27
34

567
3.47
11,533 70.57
2,652 16.23
1,213 7.42
378
2.31

47
485
165
57
22

Pr >

OR

ChiSq

CHF Readmissions (n=7,058)
Geocoded
Unmatched
n

%

6,778 96.03

<.0001
7.66 2.00 <.0001
30.65 1.44 <.0001
61.69 1.00
0.0145
50.45 0.84 0.0146
49.55 1.00
0.0863
16.22 1.00 0.9565
36.14 1.25 0.0114
32.18 1.00
3.45 1.00 0.9920
4.34 1.12 0.5432
<.0001
6.00 1.76 0.0053
61.94 0.90 0.4383
21.07 1.32 0.0747
7.28 1.00
2.81 1.24 0.4066

*Referent Group
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n

%

280

3.97

335
4.94
2,069 30.53
4,374 64.53

28
105
147

3,422 50.49
3,356 49.51

94
186

1,458 23.18
2,543 40.43
1,712 27.22
293
4.66
284
4.52

51
107
77
13
15

206
3.04
1,620 23.91
4,550 67.16
308
4.55
91
1.34

8
164
78
11
16

OR

Pr >

ChiSq

<.0001
10.00 2.49 <.0001
37.50 1.51 0.0016
52.50 1.00
<.0001
33.57 0.50 <.0001
66.43 1.00
0.5928
18.21 0.78 0.1721
38.21 0.94 0.6624
27.50 1.00
4.64 0.99 0.9646
5.36 1.18 0.5779
<.0001
2.86 1.09 0.8595
58.57 1.01 0.9769
27.86 1.35 0.3624
3.93 1.00
5.71 4.92 <.0001

Appendix 3: Normal Probability and Kernel Density Plots of Residuals for
Aim 2

Figure A3.1: Normal probability plot of OLS regression residuals for unique CHF admissions

Figure A3.2: Normal probability plot of OLS regression residuals for CHF readmissions
88

Figure A3.3: Kernel density plot of OLS regression residuals for unique CHF admissions

Figure A3.4: Kernel density plot of OLS regression residuals for CHF readmissions
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Appendix 4: Trace Plots for Aim 3 Bayesian Multilevel Logistic Models

Figure A4.1: Trace plot for unique CHF admissions for Model 1

Figure A4.2: Trace plot for unique CHF admissions for Model 2

Figure A4.3: Trace plot for unique CHF admissions for Model 3
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Figure A4.4: Trace plot for CHF readmissions for Model 1

Figure A4.5: Trace plot for CHF readmissions for Model 2

Figure A4.6: Trace plot for CHF readmissions for Model 3
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